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Modelling car ownership dynamics based on irregularly spaced panel data 
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A B S T R A C T   

This paper investigates car ownership dynamics based on irregularly spaced panel data of Denmark. The data 
originates from a national travel survey, where a fraction of the respondents are recurrent due to the random 
sampling scheme of the survey. While this creates a rich sample collected over a long time period and with 
desired variation between the panel observations, it introduces an estimation challenge due to the irregular 
spacing of the panel observations. This challenge is addressed by estimating changes in car ownership based on a 
generalised ordered logit model in which the irregular nature of the spacing between panel observations is 
controlled by including panel-specific weights in the log-likelihood function. The estimated model, which is 
formulated as a first-difference approach, includes several variables explaining the change of car ownership. 
Specifically, it is found that accessibility improvements, measured as the number of people that can be reached 
by public transport within a certain time interval, significantly reduce the likelihood of acquiring additional cars 
in the observation period. In line with the literature, it is also confirmed that changes in income, number of 
adults and driver’s licenses within the household have a significant impact on household car ownership changes.   

1. Introduction 

Longitudinal data is essential for modelling the relationship between 
individual’s choices (such as car ownership), life course events and 
exogenous factors that change over time. Yet, studies using long panels 
are rare (e.g. Prillwitz et al., 2006; Yamamoto, 2008; Haque et al., 2019) 
due to panel attrition (Lugtig, 2014) and the relatively high investment 
associated with this type of data collection. As a result, researchers 
typically apply short panels comprising 2 or 3 waves (e.g. Scheiner and 
Holz-Rau, 2013a; Clark et al., 2016a; de Haas et al., 2018), pseudo 
panels composed by aggregated cross-sectional data from different years 
(e.g. Dargay and Vythoulkas, 1999; Habib et al., 2014; Anowar et al. 
(2016)) or retrospective surveys (e.g. Oakil et al., 2014; Fatmi and 
Habib, 2016; Khan and Habib, 2021). While short panels are easier to 
collect they do not constitute a basis for examining the often lagged 
reactions to life course events (Dargay and Vythoulkas, 1999). Pseudo 
panels do not have this limitation as these are often based on repeated 
cross-sectional data. Nevertheless, in the process of constructing pseudo 
panels data is aggregated over individuals with similar characteristics, 
which leads to information loss and potential aggregation bias in the 
resulting models (King, 1997). Similarly, retrospective surveys are based 
on how individuals recall past events and such data is often inaccurate 
and biased (Oakil et al., 2014). 

An innovative data source, which has not yet been discussed in the 
literature, is the use of recurrent respondents from national travel sur-
veys. Due to the random sampling scheme of these surveys, it happens 
that over time respondents will be asked to participate in the survey 
more than once. In turn, these respondents compose a special type of 
panel that consists of irregularly spaced observations. This data source 
has a number of advantages. Firstly, it is a cheap way of getting access to 
panel data that includes all of the details of a regular cross-sectional 
travel survey. Secondly, by using irregularly spaced panels, one indi-
rectly benefits from heterogeneity in the data as the time-spacing be-
tween two consecutive panel observations may vary considerably. While 
this does mean that the panel observations are scattered over time it also 
means that the time period covered by the panel is often long. Thirdly, 
the panel is unlikely to suffer from response fatigue due to the time- 
spacing. Finally, because irregularly spaced panels derived from na-
tional travel surveys (mother survey) are essentially created on the basis 
of randomly selected persons, they are representative with respect to the 
mother survey and thereby typically also with respect to the population. 

However, when applying irregularly spaced panels in a model it is 
necessary to account for the irregular time-spacing of the observations. 
In the paper, we accommodate this irregularity by introducing indi-
vidual specific panel weights in the likelihood function to control for the 
size of the spacing. We formulate the choice of car ownership in first- 
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order differences and model it as an ordered choice process by specifying 
a generalised ordered logit model. 

Thus, the contribution of the paper is threefold. Firstly, it sheds light 
on a widely unexplored data source that results from recurrent panel 
observations in cross-sectional travel surveys and highlights the desir-
able properties of such data. Secondly, it proposes a simple estimation 
methodology for how such data can be applied in discrete choice 
models. This methodology can be carried out by standard software 
through a weighting of the likelihood function. Thirdly, the paper con-
tributes by empirically exploring the relationship between life course 
events and car ownership dynamics. The estimated model is based on 
irregularly spaced panel data from the Danish National Travel Survey. 
The authors are not aware of examples from the transport modelling 
literature where models have been estimated on the basis of similar data 
and hope that this study raises awareness on this data source and ways to 
use it. After all, cross-sectional national surveys nowadays exist in many 
countries and are used frequently in the research literature. 

The remainder of this paper is structured as follows. Section 2 pre-
sents a literature review on methods to estimate models with irregularly 
spaced observations and revises previous work related to car ownership 
dynamics. Section 3 focuses on the data and panel structure. Section 4 
discusses the model formulation, while Section 5 discusses its results. 
Finally, Section 6 presents conclusions and opportunities for further 
research. 

2. Literature review 

The literature review consists of two parts. First, we consider the 
estimation of irregularly spaced panels from a methodological 
perspective; second, we consider the factors that influence the changes 
in household car ownership level to support the specific empirical 
investigation of the paper. 

2.1. Methods for irregularly spaced panels 

The issues of irregularly spaced panels and how to estimate these 
have not been subject of extensive research in the econometric literature 
and, in particular, when considering discrete models. This, however, 
does not ground in the problem not being relevant. Panels are generally 
infected by panel attrition (Lugtig, 2014) which causes many panels to 
have systematic dropouts over the data collection period. There are also 
several longitudinal surveys being collected at non-uniform time in-
tervals (Millimet and Mcdonough, 2013). Both data generating pro-
cesses render irregular time-spacing between observations which 
generally causes the conventional panel estimators to break down 
(Baltagi and Wu, 1999; Baltagi and Heun, 2006). 

In the econometric literature, it is helpful to distinguish between 
models that are homogeneous in time and those that are not. For an 
overview of the latter type of models we encourage readers to consider 
Millimet and Mcdonough (2013). However, many of these estimators 
involve the estimation of rather complicated non-linear models and are 
mostly applicable to continuous time-series models. It is not clear how 
these estimators extend to discrete choice models. For models that are 
homogeneous in time, it is assumed that the transition probabilities 
between states are independent of time (Kitamura et al., 2003). This 
greatly simplifies the estimation process and is often combined with the 
assumption of Markov properties for the dynamic process. However, 
even in this common formulation it is not clear how irregularly spaced 
panels should be represented and no discussion about these panels is 
offered in Cirillo and Xu (2011) review of dynamic discrete choice 
models. 

In this paper, we assume the process to be time-homogeneous and 
with transition probabilities between two states only depending on the 
difference between the time periods and the exogenous variables. It is 
then illustrated how a standard (weighted) logit estimator, such as the 
generalised ordered logit model, can be applied. The trick is to consider 

first-order differences and to normalise the time-spacing effect to a unit 
effect by weighting the probability function in the likelihood function 
per observation. In other words, the process is translated to an equiva-
lent uniformly spaced Markov process in estimation, and can be simu-
lated, if needed, as such process. 

2.2. Factors influencing changes in household car ownership level 

The key events that were identified in the literature to impact car 
ownership levels can be classified into two groups: socio-economic 
changes and spatially related feature changes. 

2.2.1. Socio-economic changes 
Studies conducted by Prillwitz et al. (2006) in Germany and Oakil 

et al. (2014) in Netherlands find a significant relationship between 
changes in car ownership levels and changes in household arrangements 
(i.e. marriage, dissolution of partnership). Clark et al. (2014) indicate 
that changes in household composition are the most powerful predictor 
of changes in car ownership levels in the United Kingdom (UK). While 
the relationship between changes in the number of adults in the 
household and car ownership levels is intuitively understood, the rela-
tionship between changes in the number of children and car ownership 
levels is more spurious. The birth of the first child, especially, is found to 
lead to a stronger effect for the car ownership levels in the UK (Clark 
et al., 2016b; Khan and Habib, 2021), Netherlands (Oakil et al., 2014) 
and Germany (Prillwitz et al., 2006). Oakil et al. (2014) highlights that 
car acquisition may occur even before the event of the birth of the first 
child (anticipating the event). Additionally, Nolan (2010) finds that 
households that have children under the age of 12 have higher proba-
bility of owning cars. According to de Haas et al. (2018), this can be 
explained by the fact that the birth of a child leads to a state of car de-
pendency. However, another study by Clark et al. (2014) finds that the 
birth of children is not positively related to car acquisition, but rather to 
a decrease in car ownership level, which, in their study, is explained as 
being related to a reduced income implied by the birth of the child. A 
possible explanation for these opposite findings is presented in the work 
of Khan and Habib (2021) where they observe that the birth of a child 
and the increase of household members lead to an increase in the 
probability of acquiring the first car in the household, whereas for 
households who already own one or more cars the probability of 
modifying their car ownership level decreases. 

Among other socio-economic variables, an increase in the number of 
driver’s licenses within the household is proved to be a strong predictor 
of increasing car ownership levels (Clark et al., 2014, 2016a). Not sur-
prisingly, the impact of age in car ownership models is non-linear. Papu 
Carrone and Rich (2021) find that in Denmark car ownership increases 
until the head of household achieves the age of 55 years, where after this 
age it starts to decrease. The same finding has been also proven by 
Dargay (2007) for the UK. Similarly, Prillwitz et al. (2006) discusses that 
when observing households over time those with heads of household 
between 35 and 40 years have the highest rates of increase in car 
ownership level, which gradually decreases for households with older 
heads. Regarding the influence of income on car ownership, Li et al. 
(2010) find that high-income households are more likely to own cars 
than medium- and low-income households and Prillwitz et al. (2006) 
observe that an increase in the monthly income of a household has a 
strong influence on car ownership growth. As for decreases in car 
ownership levels, Clark et al. (2016a) and Haque et al. (2019) find ev-
idence that income reduction has a stronger effect in affecting car 
relinquishing than income gain has in affecting car acquisition. How-
ever, Nolan (2010) argues that the explanatory power of income on car 
ownership is declining over time due to the relatively higher afford-
ability of cars nowadays. Education is also found to influence car 
ownership (Li et al., 2010). High levels of education and high qualifi-
cations increase the likelihood to increase the car ownership level and 
decrease the likelihood to decrease the car ownership level in the UK 
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(Clark et al., 2014; Haque et al., 2019). However, it is clear that edu-
cation and qualification may be correlated with income and disen-
tangling the different effects may generally be difficult. 

2.2.2. Spatially related feature changes 
Changes in spatially related features, are likely to be experienced by 

individuals who relocate. Haque et al. (2019) find that in the UK local 
residential relocations are less likely to affect the car ownership level 
than relocations at a regional or national level. Nolan (2010) shows that 
in Ireland residential relocations to urban areas are related to a decrease 
in car ownership levels, while residential relocations to rural areas are 
related to an increase in car ownership levels. Scheiner and Holz-Rau 
(2013b) and Clark et al. (2014) interpret the change in household car 
ownership as the result of adaption to the new built environment. 
Despite population density (higher in urban areas, especially city cen-
tres) having a significant negative effect on private car ownership, its 
effect on the suppression of car ownership is found to be small in cities 
where the population density is already high, such as Chengdu and 
Beijing (Li et al., 2010). Relocations to city centres also lead to worse 
home parking conditions and higher levels of congestion, which 
contribute to lower levels of car ownership (Van Acker and Witlox, 
2010; Buehler et al., 2017). Furthermore, individuals are likely to 
experience changes in public transport accessibility and quality as a 
consequence of residential relocations (Clark et al., 2016b). When in-
dividuals relocate to places served by more efficient public transport 
(higher frequency and number of routes), their car ownership level is 
likely to decrease (Scheiner and Holz-Rau, 2013b; Anowar et al., 2016; 
Buehler et al., 2017). Oppositely, relocating to a place with inferior level 
of public transport accessibility, increases the likelihood of car acqui-
sition in households with no cars and lowers the likelihood of car 
relinquishing in single car households (Clark et al., 2016a). Addition-
ally, when public transport commuting time to job centers is higher, the 
likelihood of increasing the car ownership level is also higher (Clark 
et al., 2014). Clark et al. (2016a) observe that changes in employment 
status can result in changes in car ownership levels due to the increased 
mobility needs. Increases and decreases in car ownership levels are also 
observed when one moves into and out of employment (including 
retirement), respectively (Clark et al., 2014; Khan and Habib, 2021). 

3. Data 

3.1. Data sources 

The analysis presented in the paper is based on Danish data. The 
average number of cars per household in Denmark is 1.2 although there 
are large regional differences. Notably, large differences between the 
Greater Copenhagen area and the rest of the country. While transport in 
most regions is strongly linked with car mobility, the capital region has 
only 36% of the trips done by car and larger shares of bike and public 
transport trips. 

The primary source of data is the Danish National Travel Survey (TU, 
Transportvane-Undersøgelsen in Danish), which collects information 
about the travel behaviour of a representative sample of the Danish 
population between the age of 10 and 84 years (Christiansen, 2018). The 
survey is administered by the Center for Transport Analytics of the 
Technical University of Denmark and has been consistently collected 
since 2006, interviewing on average 8,200 individuals per year. The 
participants of the TU are selected by means of a stratified random 
sample procedure from the Danish Civil Registration System (Det Cen-
trale Personregister, in Danish) in order to form a representative sample 
of the population. 

Although the data collected by the TU is by design cross-sectional, 
the sample procedure is with ‘replacement’ which means that, occa-
sionally, individuals will be interviewed more than once. Hence, the 
longer the survey runs the richer the possibility to derive panel data 
from the cross-sectional mother survey. The study is based on a derived 

TU panel of 1,547 individuals that have participated in the survey twice 
in different years between 2006 and 2018. Since the time-spacing be-
tween the two surveys is different for every individual, the paper pre-
sents a simple estimation methodology that can be applied when the 
panel observations are irregularly spaced. 

The information from the TU for each individual includes: number of 
cars owned in the household, household income, number of driver’s 
licenses in the household, household composition (number of members, 
adults and children), work situation of the individual, distance of the 
home to work commute of the individual, parking conditions at the 
home location, and the distance from the home location to the nearest 
rail station. Unfortunately, the TU only contains information about work 
situation and home to work commute distance of the respondent and not 
for all household members. TU data is further supplemented with pop-
ulation density data available from Denmark Statistics, and public 
transport and car accessibility indicators of the zone in where the 
household is located. In order to generate accessibility indicators for a 
given zone the following steps were carried out.  

1. For selected years (2002, 2010 and 2015) public assignment models 
from the Danish National model (Rich and Hansen, 2016) were run. 
For each of these years the public transport network across all public 
modes were modified to reflect changes in that year. Modifications to 
the network included: the addition of metro and rail lines, changes to 
the bus system and changes to the schedule for each year.  

2. In order to generate proper level-of-service matrices for each year a 
linear interpolation approach was used. This is described and applied 
in Rich and Vandet (2019).  

3. For each level-of-service matrix a measure of generalised travel costs 
was calculated.  

4. By combining the level-of-service matrices and a 2010 population, 
the number of people reachable within 30 min of travel time was 
computed for each zone and year. It was decided to use a common 
2010 population for all years to avoid the accessibility indicator 
being mixed with the effect of general population growth. 

The accessibility indicators are defined as: 

Accq(i,m, t) =
∑

j
1GC<qGCi,j,m,tZj (1)  

where m defines modes (only car and public transport have been 
considered), i and j define the zones over a set of 907 national transport 
zones, t defines the year from 2006 to 2018 and q defines the threshold 
of travel time equal to 30 min. GCi,j,m,t represents the generalised travel 
time between zones i and j by mode m in the year t, and 1GC<q is an 
indicator function which is active only when GCi,j,m,t < q. Finally, Zj is 
the population of a given zone j in year 2010. 

Fig. 1 shows how the first and second observation of each household 
included in the TU panel is distributed among 907 transport zones of 
Denmark. The observations are scattered over the country with an even 
geographical distribution. As expected, there are few differences in the 
number of observations per transport zone between the maps corre-
sponding to the first and to the second time each household is observed 
in the panel. These differences are due to residential relocation which 
would generally be more likely to happen within the same transport 
zone than between zones. 

3.2. Data structure and variables 

Table 1 defines the car ownership variable and two categories of 
independent variables (socio-economic and spatially related features). 
Fig. 2 illustrates the distribution of the variables in the TU mother survey 
and compares the distributions with the ones in our data (TU panel 
data). As observed from the box-plots, the distribution of each of the 
different variables are equally represented in the TU panel data as in the 
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TU mother survey data. Therefore, it can be concluded that the TU panel 
sample is a representative sample of the TU and thereby, of the entire 
Danish population. 

Finally, an aggregated analysis of the TU panel data suggests how 
changes in household car ownership levels are related to changes in life 
course events. Table 2 shows, for example, that from the total number of 
households that experience an increase in the number of adults, 41% of 
these households increase the number of owned cars, while only 20% of 
the households that do not experience an increase in the number of 
adults have increased the number of cars in the household. Marriage and 
partnership dissolution are important key events in life course, however, 
changes in the number of adults within the household is a better proxy to 
reflect household transitions to co-habitation in Denmark. From this 
table, it is therefore also possible to illustrate the relative importance of 

different life events such as changes in the number of children and 
driver’s licenses, as well as changes in income, distance between home 
and work, and employment on the number of owned cars. It is worth 
mentioning that although the variables “became employed” and 
“became unemployed” include individuals changing jobs within their 
work-life, considering the age of the individuals that experience these 
changes, these variables are mainly related to individuals’ start (first 
job) and end of work-life (retirement), respectively. It is possible to 
observe the tendency to increase the household number of cars when 
individuals become employed and oppositely, to decrease the number of 
cars when they become unemployed. Furthermore, increases in number 
of children, driver’s licenses, income and home to work distance have a 
positive effect on the number of cars owned per household. 

4. Model formulation 

Car ownership choices have typically been modelled as discrete 
choice ordered-response (ordered logit models) or unordered-response 
(multinomial, nested and mixed logit models) choice mechanisms. 
While the ordered response mechanism is based on the hypothesis that a 
uni-dimensional continuous latent variable determines the level of car 
ownership, the unordered-response mechanism is based on the principle 
of Random Utility Maximization. Both ordered and un-ordered response 
mechanisms have been extensively used by researchers to model 
household car ownership levels (Bhat and Pulugurta, 1998). 

This section describes the model formulation that is used to represent 
the changes in the level of car ownership when households are observed 
at two different points in time. The formulation is consistent with both 
the ordered and unordered-response mechanisms for modelling the 
choice of car ownership. 

4.1. Methods 

The model formulation considers the choice of owning c cars at a 
given point in time t by a household n. The utility function associated 
with this choice is expressed as: 

Un,t,c = Vn,t,c(xn,t,c)+ ∊n + ∊n,t,c (2)  

where xn,t,c represents a set of explanatory variables that may potentially 
vary with alternatives c ∈ C, time periods t ∈ T and households n ∈ N. As 
presented in Section 2, it is expected that xn,t,c consists of several con-
founding variables of which some are stronger predictors for c than 
others. The first error term ∊n is a panel effect which accounts for 

Fig. 1. Geographical distribution of TU panels (first and second observation).  

Table 1 
Variables definition.  

Variable Description 

Car ownership level 0 if no cars owned in the household.  
1 if 1 car owned in the household.  
2 if 2 or more cars owned in the household.  

Independent 
variables  

Socio-economic  
Household income Annual household income after tax in 1,000 DKK. 
Number of driver’s 

licenses 
Number of household members with a driving license. 

Number of adults Number of adults in the household. 
Number of children Number of children under 18 years in the household. 
Employment situation 0 if unemployed, retired or student.  

1 if employed. 
Spatially related features  
Home-Work distance Kilometers from home to work location (only for 

employed individuals). 
Home parking 0 if no private or reserved parking lot, on or next to the 

home.  
1 if private or reserved for license plate lot, on or next to 
the home. 

Distance to rail Kilometers from home location to nearest train or metro 
station. 

Population density Population density of the municipality where the 
household is located. 

Accessibility by PT Number of people reached by public transport in 30 min 
from home location. 

Accessibility by car Number of people reached by car in 30 min from home 
location.  
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variation over households, while the second error term ∊n,t,c represents 
the alternative and time-specific error component for each household. 

In a traditional panel context, it is common to translate this problem 
into first-order differences as a mean to reduce the effect of panel het-
erogeneity. In this case, we do so by considering the utility function that 
represents the changes in c for two consecutive time periods, namely 
Δc = ct − c(t− 1). Hence, we consider: 

Ũn,t(Δc) = Ṽn,t,Δc(xn,t)+ ∊̃n,t,Δc (3)  

which can reasonably be approximated by: 

Ũn,t(Δc) ≈ Vn,t,c(xn,t) − Vn,(t− 1),c(xn,(t− 1)) + ∊n,t,c − ∊n,(t− 1),c

≈ ΔVn,t,c(xn,t) + Δ∊n,t,c (4) 

In the case where ∊n,t,c represent IID Gumbel distributed error terms, 
the difference of the error terms Δ∊n,t,c follows a logistic distribution. 
Hereby follows that, even in the case where the choice of c is modelled as 
a standard multinomial logit model, the model that explains the differ-
ences Δc will belong to the same family of models with logistic 
distributed errors. A natural choice of model in this situation is the or-
dered logit model. One of the shortcomings of the ordered logit (OL) 
model is the assumption of generic attributes across the ordered choices. 
However, this restriction can be relaxed by considering the generalised 
ordered logit (GOL). 

The assumption of ordered choices means that the choice set is 
expanded in a specific way. If the choice of car ownership level c for a 

given time t belongs to the set C = {0,1, 2},Δc is defined within the 
choice set CΔ = { − 2, − 1,0,1,2}. One extreme is if a household for the 
first observation had 2 cars and in the later 0, this would be represented 
as a − 2. While the other extreme, if the household changes from having 
0 cars to 2 cars, it would be represented as 2. However, given that there 
are few extreme cases (− 2 and 2) in the data, the choice set for differ-
ences in car ownership has been reduced to CΔ = { − 1,0,1}. Meaning 
that the household has reduced the number of cars from the first 
observation to the later one when the difference in car ownership Δc is 
equal to − 1, and oppositely when differences in car ownership equals to 
1. 

4.2. Probabilistic model with irregularly spaced panels 

The above section discusses how a random utility model can be 
expressed in terms of first-order differences and provides insight into 
how the choice set and the probability model are affected. However, due 
to the irregularly spaced panels, it is not possible to use a standard 
estimation technique as the different panel intervals will introduce a 
scaling problem. Hence, this paper provides an alternative estimator for 
this problem. 

Each individual household n is observed at different points in time, 
t0(n), …, tT(n). In contrast to typical panel data, the time elapsed be-
tween interviews represented by Δtn = tt(n) − t(t− 1)(n), differs for each 
individual. That is, a panel data set with irregularly spaced observations. 

In order to simplify and tailor the notation to the specific data set, we 

Fig. 2. Variables distribution in the TU (mother) survey data compared to the TU panel sample.  

Table 2 
Percentage relation between life events and car ownership changes experienced by households (HH).  

Life event experienced by HH HH with event HH without event 

Number of cars per HH Decreases No change Increases Decreases No change Increases 

Increase adults 6.43 52.14 41.43 16.26 63.93 19.81 
Decrease adults 38.15 45.78 16.06 9.94 64.87 25.19 
Increase children 12.04 50.79 37.17 14.82 63.35 21.83 
Decrease children 18.73 50.36 30.90 12.94 65.93 21.13 
Increase driving license 5.18 45.82 49.00 16.28 64.89 18.83 
Decrease driving license 40.73 43.95 15.32 9.47 65.20 25.33 
Increase income 10.56 59.33 30.10 17.64 63.79 18.57 
Decrease income 17.58 63.49 18.93 10.99 59.89 29.12 
Increase Home-Work distance 11.69 55.65 32.66 15.01 62.97 22.02 
Decrease Home-Work distance 16.91 55.56 27.54 14.10 62.76 23.13 
Became employed 12.34 44.81 42.86 14.72 63.68 21.61 
Became unemployed 19.14 61.73 19.14 13.94 61.81 24.26  
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consider the special case where only two distinct spaced observations 
exist for each individual, as illustrated in Fig. 3. We write this as Δtn =

tt(n) − t0(n) where Δtn represents the time-spacing between interviews of 
an individual n. We also consider the corresponding dependent variables 
Yn,t0 and Yn,tt , and the vector of explanatory variables xn,t0 and xn,tt . The 
variables Yn,t0 and Yn,tt represent the state of an individual household n 
at a given point in time t. Hence, the state change for n going from Yn,t0 to 
Yn,tt can be expressed as ΔYn,Δt = Yn,tt − Yn,t0 , which can be reasonably 
modelled as a function of Δxn,Δt = xn,tt − xn,t0 . 

For the ordinal dependent variable ΔYn,Δt and Δc defined in the 
choice set CΔ = { − 1, 0,1} with 3 categories, the GOL model can be 
written as: 

P(ΔYn,Δt > Δc) =
exp(ΔVn,Δt,Δc)

1 + exp(ΔVn,Δt,Δc)
(5)  

where, 

P(ΔYn,Δt = 1) =
exp(α1 + Δxn,Δtβ1)

1 + exp(α1 + Δxn,Δtβ1)

P(ΔYn,Δt = 0) =
exp(α0 + Δxn,Δtβ0)

1 + exp(α0 + Δxn,Δtβ0)
−

exp(α1 + Δxn,Δtβ1)

1 + exp(α1 + Δxn,Δtβ1)

P(ΔYn,Δt = − 1) = 1 −
exp(α0 + Δxn,Δtβ0)

1 + exp(α0 + Δxn,Δtβ0)

(6) 

In this case, since the response variable ΔYn,Δt has three possible 
values, the GOL model will have two sets of parameters; in effect, two 
equations will be estimated simultaneously. The OL model is a special 
case of the GOL model where the coefficients are the same for each 
category of the choice set CΔ. The partial proportional odds (PPO) model 
is an in between variant of the previous two models that allows con-
straining some of the model coefficients for all categories to be the same, 
while others can differ. 

Clearly, if Δtn→∞ the probability of a state changing increases all 
other things equal. To investigate how ΔYn,Δt is triggered by changes in 
life events as captured in Δxn,Δt, ideally these effects should be measured 
on a normalised basis. In other words, econometrically speaking, we 
need to correct for the length of the time-spacing Δtn. To find the form of 
this correction term, we consider the joint probability P(ΔYn,Δt) under 
the assumption of independence over the T regular spaced intervals 
between t0 = 0 and tt = t. That is: 

P(Yn,t − Yn,0|xn,t, xn,0) = P(Yn,1 − Yn,0|xn,1, xn,0)P(Yn,2 − Yn,1|xn,2, xn,1)

…P(Yn,t − Yn,(t− 1)|xn,t, xn,(t− 1))

=
∏t

i=1
P(Yn,i − Yn,(i− 1)|xn,i, xn,(i− 1))

(7) 

We can assume that right-hand side probabilities are similar and that 
each of these expresses an annual rate of change. That is: 

P(Yn,t − Yn,0|xn,t, xn,0) = P(Yn,i − Yn,(i− 1)|xn,i, xn,(i− 1))
t (8) 

From which it follows that: 

P(Yn,i − Yn,(i− 1)|xn,i, xn,(i− 1)) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

P(Yn,t − Yn,0|xn,t, xn,0)
t
√

(9) 

And that the individual log-probabilities are: 

logP(Yn,i − Yn,(i− 1)|xn,i, xn,(i− 1)) =
1
t

ln[P(Yn,t − Yn,0|xn,t, xn,0)] (10) 

In other words, when seeking to estimate the unknown probabilistic 
model for P(Yn,Δt |Δxn,Δt) this can instead be estimated by considering the 
empirical weighted log-likelihood function given by: 

logL(β|Δxn,Δt) =
∑N

n=1

1
Δtn

ln[P(Yn,Δt|Δxn,Δt)] (11) 

As a result, the likelihood function reduces to a simple weighted 
probability model where a change that happens over a long period of 
time is scaled down to an average annual effect. It is important to stress 
that the methodology can be applied to any type of discrete choice 
model, which allows choice probabilities to be individually weighted. 
Hence, multinomial logit, nested-logit and mixed logit models all apply 
in this context. 

As discussed in Section 4.1, the fact that we are considering a model 
for first-order differences, suggests that ordered logit models are valid. 
In the paper, we first estimate two models: a weighted ordered logit (OL) 
model and a weighted generalised ordered logit (GOL) model. The final 
model is a partial proportional odds model (PPO), which is a reduced 
version of the weighted GOL, where the proportional odds constraint is 
applied only to variables that do not violate the proportionality 
assumption. The PPO model is the result of a step-wise selection pro-
cedure referred to as the ‘odds proportionality selection procedure’ 
(Derr, 2013). It is implemented according to the following steps. First, 
variables were selected to enter the model under non-proportional odds 
by using forward selection. Second, using a likelihood ratio test it was 
determined if the variable should have proportional odds. Third, back-
ward selection was used to check for significance of all variables 
included in the model. Finally, these steps were repeated until no more 
variables were included in the model. A likelihood ratio test confirms 
that the PPO model performs better than the OL and GOL models. In all 
models, the triggers with respect to changes in car ownership levels are 
investigated in various ways by testing different variables and trans-
formations of them. 

5. Model estimation results and discussion 

5.1. Sample characteristics 

As presented in Section 4, the variables are included in the model as 
differences between the years in which they were observed. Table 3 
presents the descriptive statistics of the differences in: car ownership 
levels, the time interval Δtn between panel observations, and all relevant 
explanatory variables (classified into socio-economic and spatially 

Fig. 3. Irregularly spaced panel observations of n individual households.  
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related features). 
The employment variable is included in the model as a categorical 

variable with three levels, of which only two are identifiable. The three 
levels are: became employed, became unemployed and unchanged 
employment situation during the time interval between observations. 
Since the latter is used as the reference level, only the other two levels 
are shown in the model results. 

As observed from Table 3, the scale of some of the variables such as 
household income, home to work distance, accessibility by public 
transport and accessibility by car is much larger than for the other 
variables. Therefore, to account for differences in scale and to infer 
proportionality between the estimated probabilities and variables that 
represent size (such as accessibility) log-transformations are applied. 
Household income log-transformation is specified as in Eq. (12). Home 
to work and accessibility variables are included in the model with analog 
specifications. 

Δln(HHincome) = ln(HHincome1) − ln(HHincome0) (12) 

This way of including variables in this first-differential approach is 
perfectly in line with the convention of using logarithmic trans-
formations for these attributes in a standard utility function. 

5.2. Results and discussion 

Three different models were estimated, namely the ordered logit 
(OL), the generalised ordered logit (GOL) and the partial proportional 
odds (PPO) model. The dependent variable represents changes in 
household car ownership levels. Three possible alternatives are 
considered for changes in car ownership levels in the models, namely 
{− 1,0,1}. The − 1 alternative (a reduction in the number of cars owned 
by the household) is considered as the reference level for modelling 
purposes and therefore, only two sets of parameters (corresponding to 
alternatives 0 and 1) are estimated. Most of the independent variables 
are included in the model as first-order differences. Thus, a positive 
parameter indicates that the higher the independent variable, the higher 
the positive change in car ownership level, while a negative parameter 
indicates a negative effect on the car ownership change. 

The three models are estimated using the software SAS and param-
eter estimates are provided in Table 4. The OL model yields proportional 

odds and generic parameters estimates (rows indicated with -), while the 
GOL model produces non-proportional estimates (alternative specific 
estimates are included in rows named with 0 and 1). The PPO model is a 
reduced version of the GOL, where each of the parameters was tested for 
proportional and non-proportional odds and removed from the model 
when insignificant. Therefore, for the PPO model presented in Table 4, 
parameters estimates are located in the correspondent row for each of 
the variables according to the modelling findings. To assess the relative 
performance of the models, we consider the Log-Likelihood value and 
the Akaike Information Criterion (AIC). As expected, the GOL is the 
model with the highest likelihood, however, when adjusting for the 
number of additional parameters (as represented by the AIC) and per-
forming a likelihood ratio test the PPO model is the best performing. 
Thus, our main attention will be directed to the PPO model. 

The variables household income, household drivers licences, home 
parking, population density and car accessibility meet the proportional 
odds assumption. Their estimated parameters and p-values in the PPO 
model are almost identical to the ones resulting from the PO model. As 
an example, the changes in household income have a significant and 
positive effect which allows to interpret that those who experience an 
increase in the household income are more likely to increase their car 
ownership level than to decrease it. However, from the PPO model it is 
possible to observe that other variables such as the number of adults and 
children per household, becoming employed, home to work distance 
and public transport accessibility violate the proportional odds 
assumption. Changes in the number of children per household shows 
perhaps the most interesting differences between the PPO and the PO 
models. The positive and significant parameter estimated in the PO 
model suggests that the higher the increase in children per household 
the more likely it is that the household increases its car ownership level. 
This is a very reasonable finding; however, the PPO model indicates that 
the relationship is much more complicated. In the PPO model the esti-
mated parameter for alternative 0 is positive and highly significant 
while the estimated parameter for alternative 1 is not significant. The 
results suggest that an increase in the number of children per household 
increases the likelihood to remain in the same level of car ownership 
compared to reducing the car ownership level although it does not show 
an increased likelihood towards increasing the household car ownership 
level. The variables becoming unemployed and distance to rail were 
insignificant in the PPO model and therefore, removed from the final 
PPO model. Moreover, all of the significant parameters related to vari-
ables for socio-economic effects and spatially related features have the 
expected sign. 

Among the socio-economic variables, increases in income and 
number of driver’s licenses in the household positively contribute to the 
likelihood of increasing the number of cars. This is in line with Prillwitz 
et al. (2006), that find a positive correlation between increase in the 
monthly income of a household and car ownership growth. As 
mentioned in the literature review, increases in the number of driver’s 
licenses are also found to be strong predictors of increases in car 
ownership levels (Clark et al., 2016a). In regards to the relationship of 
car ownership levels and changes in employment status, we observe the 
same patterns as in Prillwitz et al. (2006) and Khan and Habib (2021), 
namely that becoming employed leads to an increase in household car 
ownership level. Regarding the influence of household composition, an 
increase in the number of adults positively affects the likelihood of 
increasing the number of cars, as previously revealed in the literature 
(Oakil et al., 2014; de Haas et al., 2018). Instead, the PPO model shows 
that an increase in the number of children in the household does not 
significantly affect the likelihood to acquire a car but rather the likeli-
hood to remain in the same ownership level. As discussed previously, the 
effect of children in the PPO model differentiates from the findings of the 
OL model where, given the model simpler structure, a positive effect of 
children on increasing car ownership levels is observed. The effect of 
children per household on car ownership has been extensively studied in 
the literature and findings do not show a unique result. While some find 

Table 3 
Sample statistics.  

Variable N Mean Std Dev Minimum Maximum 

Δ Car ownership level       
− 1 224     
0 956     
1 367     
Time interval (Δtn)  1547 5.72 2.57 1 12  

Socio-economic      
Δ HH income  1547 − 18.57 311.24 − 4175 7129 
Δ Driver’s licenses/HH 

members  
1547 0.03 0.27 − 1 1 

Δ Numb. adults  1547 0.01 0.75 − 4 3 
Δ Numb. children  1547 − 0.22 0.96 − 5 4 
Became employed 1547 0.10 0.30 0 1 
Became unemployed 1547 0.10 0.31 0 1  

Spatially related features      
Δ Home-Work distance  1547 1.10 19.00 − 184.60 224.70 
Δ Home parking  1547 − 0.02 0.43 − 1 1 
Δ Distance to rail  1547 − 0.24 5.74 − 77.80 77.60 
Δ Population density  1547 0.10 1.53 − 12.26 12.85 
Δ Accessibility public 

transport (AccPT)  
1547 − 395 62267 − 431698 621963 

Δ Accessibility car 
(AccCAR)  

1547 − 7283 226135 − 1411320 1501751  

A. Papu Carrone et al.                                                                                                                                                                                                                         



Travel Behaviour and Society 25 (2021) 223–232

230

that the increase of children per household increases the likelihood of a 
household to acquire a new car (e.g., Giuliano and Dargay, 2006; 
Yamamoto, 2008; Nolan, 2010), as we find in the PO model, others 
highlight that the probability of increasing car ownership due to an 
increase in children per household is only limited to households 
acquiring their first car while households that already own at least one 
car are more likely to maintain their car ownership level (e.g. Khan and 
Habib (2021)). Possibly, what the PPO model reflects relates to the 
latter. As it can be observed from Fig. 2 most of the observed households 
in the TU panel data own at least one car; however, due to the present 
framework of modelling changes in car ownership levels, we are not able 
to identify a different effect for households that are acquiring their first 
car from those who already own at least one. 

Additionally, changes due to residential relocation and its impact on 
car ownership were also examined. The analysis of the spatially related 
features reveals that when accessibility by public transport increases due 
to residential relocation, the likelihood of acquiring a car significantly 
decreases. The PPO model even shows that the likelihood to maintain 
the same car ownership level decreases as compared to reducing the car 
ownership level when there is an increase in accessibility by public 

transport. Furthermore, the likelihood to increase car ownership levels 
is even lower than the likelihood to maintain the car ownership level. 
This is in accordance with the findings of Klein and Smart (2019) that 
considered accessibility to jobs by public transport. Oppositely, when 
the accessibility by car increases, the likelihood of purchasing a car 
increases. 

Furthermore, gaining home parking facilities due to a residential 
relocation has a very significant and positive effect on the likelihood to 
increase the number of cars owned in the household. Changes in the 
home to work distance (due to changes in residential or workplace 
location) in the PPO model do not significantly affect the likelihood to 
acquire a car, while it appears to affect the likelihood to maintain the 
same car ownership level. This meaning that an increase in the home to 
work distance will increase the likelihood of retaining the same number 
of cars in the household rather than decreasing or increasing the 
ownership level, which differs from the positive effect of home to work 
distance on car acquisition that Fatmi and Habib (2016) find. 

Finally, there is a clear negative effect on the likelihood to acquire a 
car when relocating to a place with higher population density, which can 
be seen as a proxy for urbanisation. According to Nolan (2010), this 

Table 4 
Model estimates.    

OL GOL PPO 

Variable  Param. Std Error p-val Param. Std Error p-val Param. Std Error p-val 

Intercept –           
1 − 1.63 0.08 0.00 0.58 0.13 0.00 − 1.66 0.08 0.00  
0 2.19 0.09 0.00 2.12 0.11 0.00 2.29 0.10 0.00  

Socio-economic           
Δln(HH income)  – 0.26 0.12 0.04    0.27 0.12 0.03  

1    0.36 0.22 0.10     
0    0.05 0.18 0.78    

ΔD.Lic/members  – 1.64 0.29 0.00    1.62 0.29 0.00  
1    2.92 0.53 0.00     
0    1.53 0.40 0.00    

ΔNumb. adults  – 0.73 0.09 0.00        
1    1.20 0.16 0.00 0.50 0.11 0.00  
0    0.83 0.13 0.00 0.92 0.12 0.00 

ΔNumb. children  – 0.33 0.09 0.00        
1    0.58 0.17 0.00 0.13 0.11 0.23  
0    0.55 0.13 0.00 0.54 0.12 0.00 

Became employed – 0.52 0.20 0.01        
1    0.59 0.37 0.12 0.74 0.21 0.00  
0    − 0.17 0.34 0.62 0.03 0.32 0.93 

Became unemployed – − 0.16 0.21 0.45        
1    − 0.36 0.36 0.32     
0    − 0.51 0.28 0.07     

Spatially related           
Δln(H-W dist.)  – 0.17 0.08 0.03        

1    0.36 0.14 0.01 0.07 0.10 0.48  
0    0.32 0.12 0.01 0.34 0.12 0.00 

ΔHome parking  – 0.59 0.16 0.00    0.56 0.16 0.00  
1    0.95 0.29 0.00     
0    0.47 0.23 0.04    

ΔDist. to rail  – 0.19 0.10 0.05        
1    0.27 0.17 0.12     
0    0.25 0.14 0.07    

ΔPop. density  – − 0.23 0.06 0.00    − 0.24 0.07 0.00  
1    − 0.41 0.12 0.00     
0    − 0.13 0.09 0.13    

Δln(AccPT)  – − 0.36 0.10 0.00        
1    − 0.82 0.21 0.00 − 0.54 0.16 0.00  
0    − 0.11 0.10 0.29 − 0.32 0.10 0.00 

Δln(AccCAR)  – 0.41 0.20 0.04    0.37 0.21 0.08  
1    0.69 0.37 0.06     
0    − 0.31 0.29 0.30     

N. of parameters  12   24   15   
AIC  2358.27   2353.84   2346.78   
− 2 log L  2330.27   2301.84   2312.78    
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highlights the importance of urban density with respect to household car 
ownership decisions. Furthermore, taking into account this variable is 
interesting as a mean to filter out effects that may have otherwise been 
explained by the accessibility variables. 

From a policy perspective, our findings confirm known hypotheses 
and provide strong empirical evidence on the importance of transport 
infrastructure in nudging individuals’ behavior. On the one hand, 
improving accessibility to public transport creates favorable conditions 
to foster a decrease in car ownership. On the other hand, improving car 
accessibility and parking conditions has the opposite effect, increasing 
car ownership levels. Thus, by providing the right alternatives, policy- 
makers can encourage and enable individuals to shift from private 
cars towards more sustainable modes. Also, our findings on the socio-
economic variables reveal that there are key life course events that in-
crease the likelihood to acquire a car, such as becoming employed 
(representing the start of work-life) and the increase of adults per 
household (representing marriage, partnership and co-habitation). 
Therefore, offering and informing individuals about alternative trans-
port modes can be effective if anticipating to these key events to 
contribute towards decreasing the number of young individuals that 
start a life time car-oriented mobility. 

5.3. Sensitivity analysis of income and spatial variables on car ownership 

In order to provide a deeper understanding of the marginal effects 
that these variables have in the model, we present a sensitivity analysis 
of income, home to work distance and public transport accessibility by 
considering how a relative change in these variables affects car owner-
ship, represented as a change in the number of owned cars per house-
hold. To this end, we derive the model elasticities for these three 
independent cases. 

For each of the independent cases, we formulate a scenario where all 
of the individuals experience an increase in income, home to work dis-
tance and public transport accessibility. Hence, this per say represents a 
hypothetical increase of these variables while the others are unchanged. 
Since the study relies on a panel in which individuals are observed at 
two different points in time, the scenario is created by assuming that 
their situation has changed during this time interval. 

To create the income scenario we compute a new increased income, 
where we consider a 10% increase of the observed income in the later 
year. In an analog way, the home to work distance scenario is created by 
considering an increase of 10% in the observed distance. To create the 
accessibility scenario we compute a new accessibility indicator variable, 
as explained in Section 3.1. In order to represent an increase in public 
transport accessibility we consider a 10% reduction of travel time for all 
public transport trips that yields an increased accessibility for each of 
the individuals. Thus, each individual is then able to reach a larger 
number of people by public transport within 30 min of travel time. 

We base the analysis on the final PPO model presented in the pre-
vious section to simulate the share of the population that would choose 
each of the car ownership alternatives. Table 5 shows the predicted 

shares for a base scenario in which no changes are considered and the 
predicted shares for the three scenarios in which we hypothesize an 
increase of income, home to work distance and public transport acces-
sibility. We then compute for the three scenarios the direct elasticities of 
the model for each of the alternatives. 

The results show that an increase in public transport accessibility 
(reduction of 10% in travel time) would lead to a reduction of the 
number of individuals acquiring a car in the household, while also 
encouraging individuals to reduce the numbers of cars owned, and to a 
lower extent, make some individual to remain with the same level of car 
ownership. It should be noted that while the change in alternative 1 
(individuals acquiring a car in the household) does seem relative large, 
the scenario is also relative extreme in that everybody is assumed to 
receive a 10% reduction in travel time irrespectively where they live. 
Hence, the conclusion that can be conveyed to the reader is that public 
transport accessibility does have significant effects on the choice of 
owning cars. Table 5 also shows that increases in income and in home to 
work distance have an effect on the household car ownership choices; 
however, their impact is not as extreme as the one observed for public 
transport accessibility. Increases in income would lead to an increase in 
the number of households acquiring a car, while also dis-encouraging 
individuals to reduce the number of cars owned by the household. In-
creases in the distance between home and work would have a limited 
effect on increasing the number of households that choose to acquire a 
new car but would have a higher effect decreasing the number of in-
dividuals that consider reducing the household car ownership level. 

6. Conclusion 

It is common practise to collect large-scale national travel surveys by 
sampling individuals randomly and with replacement. As a result, over 
time a portion of the surveyed individuals will appear in the survey more 
than once and thereby form a panel of observations. While there will not 
be many recurrent respondents in the panel, such panel data does 
include information richness by adopting different time-spacing be-
tween observations. In some of the cases, there might be only one year 
between two observations, whereas in other cases, it might be as much 
as 12 (for this case of the Danish National Travel Survey). Therefore, 
although a panel sample derived from a national travel survey can be 
smaller than usual panel structured data, it covers desirable variation in 
terms of capturing the effect of life course events even relying on few 
observations per individual as it reflects changes over long time periods. 
In the presented case study, the framework enables that we approximate 
panel dynamics over a 12 year period based on only two data points per 
household. Advantages of the proposed framework are: it reduces costs 
by using data indirectly derived from a cross-sectional mother survey, it 
avoids panel fatigue that is a common issue for panel data collection, it 
does not suffer from panel attrition because the spacing between ob-
servations prevents this, and it has the desirable property of being 
representative for the mother survey and thereby for the population. 

While there are many desirable properties of such data, it does raise a 
non-trivial estimation challenge in that the time-spacing between ob-
servations is not constant. If capturing life events or triggers in the 
model, it is evident that such triggers are more likely to occur the longer 
the time-spacing is. Hence, it is required that we propose an estimation 
strategy that accounts for this irregular spacing. The paper suggests an 
individual specific weighting of the likelihood function to overcome this 
problem, an approach that can easily be extended to all types of discrete 
choice models. 

We present the estimation results for three variations of ordered logit 
models that explain changes in car ownership as a function of changes in 
a range of variables including income and accessibility. The models are 
based on approximately 1,500 Danish panel observations and are 
formulated as a first-order difference approach. 

From the models we conclude that public transport accessibility does 
have an effect on changes in household levels of car ownership even 

Table 5 
Simulated model elasticities.  

Car ownership − 1 0 1 

Base Scenario: Predicted share (%) 13.99 66.05 19.96  

Income Scenario:    
Predicted share (%) 13.74 65.94 20.32 
Elasticities − 0.18 − 0.02 0.18  

H-W distance Scenario:    
Predicted share (%) 13.76 66.21 20.03 
Elasticities − 0.16 0.02 0.04  

PT Accessibility Scenario:    
Predicted share (%) 15.51 66.60 17.89 
Elasticities 1.09 0.08 − 1.04  
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when controlling for population density. The effect of public transport 
accessibility, income and home to work distance is further explored in a 
sensitivity analysis exercise where we derive the model elasticities for 
three scenarios. In addition, the model includes a range of other con-
founding variables which all support the findings of the international 
literature in saying that more driver’s licenses, more adults, a new 
employment and availability of home parking facilities all contribute 
positively to an increase in the car ownership level of the household. The 
model supports the hypothesis that car ownership decisions change over 
the life course as individuals adjust to different events. The opportunity 
to model this effect through the use of data from panels that cover long 
time periods with varying time-spacing between observations provides a 
new way of evidencing how changes at the household level affect car 
ownership decisions. 

The paper presents one specific case for applying this special type of 
panel data, namely the case of car ownership. However, there could be 
other interesting objects to consider from a modelling perspective for 
future research, such as investigating the variation in the daily schedule 
and stability in habits related to choice of mode and time-of-day choice. 
Methodologically, if data is available, it could be interesting to consider 
the more general case beyond only two observation points as modelled 
in this paper. Although the fundamental approach can be generalised in 
a straightforward manner, having more observation points introduces 
the possibility of including lagged effects in the modelling and also 
representing time-dependency. Hence, while this paper assumes time- 
homogeneity this assumption could be relaxed if more time periods 
were available. The data and models presented in this study have some 
limitations that are inherent to the developed framework. Given the 
setup of the data in differences and the modelling of changes, we lack of 
the exact time information on when life course events and changes in car 
ownership occur but instead have a picture of two points in time of an 
individuals’ life. Therefore, we are unable to fully understand when the 
change in car ownership takes place, i.e., how long before (anticipation) 
or after (lagged response) the occurrence of the life event. Furthermore, 
since we model changes in car ownership (as increasing, maintaining or 
decreasing the car ownership level) we are not able to distinguish if 
households with different baseline car ownership levels have different 
preferences (i.e. households that own at least one car in the initial 
observation may have a different likelihood to change their car owner-
ship level than households with no cars). 
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