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A B S T R A C T

As people require time to adjust their travel behaviour to changes in residential location and transport infra-
structure, there is a need for long-term empirical studies quantifying the relationships between locations, in-
dividuals and travel behaviour. Such empirical evidence is critical for assessing previous and candidate future
land use-transport policies. Existing research however, has mostly investigated travel behaviour during rela-
tively short time periods and for a single transport mode. This paper examines the development of travel be-
haviour and its socio-demographic and location determinants, using Dutch National Travel Survey data from
1980 to 2010 among other sources, for the Randstad, the Netherlands. A pseudo panel analysis is conducted to
investigate the effect of various indicators on average daily distance travelled by train, car and bicycle over three
decades. Econometric models including pooled ordinary least squares, fixed and random effects and a hybrid
model were tested to identify the best fit. The results indicate that average daily distance travelled rose until the
mid-1990s before witnessing a decrease till 2010. Interestingly, half of the Randstad inhabitants have been
travelling ≤26 km per day over the past thirty years. Furthermore, as people grow older, they increasingly travel
more by train and bicycle. Finally, a rise in suburban inhabitants decreases the average distance travelled by
train and increases that of bicycle, while a rise in rural inhabitants encourages higher distances travelled by car.

1. Introduction

Measuring and modelling individual travel behaviour is highly re-
levant for infrastructure decisions and policies for achieving sustainable
environmental and societal development. Travel is the result of deci-
sions by which individuals try to meet their needs and preferences.
They aim to achieve their goals by allocating and prioritising their
activities, thereby taking into account the relative position of locations.
It is assumed that distances between residential, employment and ser-
vice locations directly affect individual's total travel distances, as
nearby destinations will be chosen rather than more distant ones (Maat
and Timmermans, 2009). Consequently, it is assumed in this paper that
travel behaviour is determined by the structure of the built environ-
ment, including the location of urban cores in relation to suburbs, the
rural area, and other urban cores, as well as their accessibility by
transport infrastructure connections. This is a dynamic process in which
travel influences the demand for infrastructure investments, leading to
improvements in accessibility and thus the attractiveness of locations,
which in turn encourages adjustments to the built environment

(Giuliano, 2004; Wegener and Fürst, 1999). This market-driven process
is also subject to exogenous influences, such as the demand for housing,
developments in transport technology and changing views on en-
vironmental sustainability (Bertolini, 2012; Kasraian et al., 2016b).
Policy makers aim to adjust this market process by inventing policy
concepts such as ‘compact urbanisation’. However, policy concepts also
change over time.

Changes in transport infrastructure and the built environment, as
well as changing policy responses, are assumed to have varying effects
on travel behaviour. Moreover, we assume that there is a certain degree
of delay in the system. Travel behaviour requires time to adjust to
changes in the spatial context, new transport infrastructure and chan-
ging policies. It takes time for households to relocate to a new re-
sidential or work location, or to relocate their other activities, such as
shopping to new locations. Furthermore, all market-driven develop-
ments and policy responses have their own time horizons. It is therefore
the aim of this study to understand the effects of the built environment
on travel behaviour, taking into account the adaptation of spatial policy
concepts, over a longer period of time.
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Cross-sectional studies on the determinants of travel behaviour
cannot provide answers to whether and to what extent changes in
various built-environment and socio-demographic determinants affect
the demand for travel. Studies quantifying the relationships between
locations, individuals, and travel behaviour development over time are
scarce (Ellder, 2014). This is mainly due to the unavailability of long-
itudinal travel surveys over a long time period. Of the studies that in-
vestigated this relationship over the long term, some analysed changes
in travel patterns and its determinants at an aggregated level such as
municipalities or tracts. Examples are induced travel demand studies
(Noland and Lem, 2002), ‘before-and-after’ studies which test for in-
stance the effect of new infrastructure (Baum-Snow and Kahn, 2000).
Another strand of research investigated changes in travel behaviour at
the individual level over time, using genuine panel data, such as the
Dutch and the German mobility panels. Examples are studies which
examine the concept of self-selection with longitudinal designs (e.g.
Van de Coevering et al., 2016).

However, genuine panel data, where the same individuals are traced
over time, are often costly, small-scale and suffer from sample attrition
problems. In the absence of genuine panels, the most long-term and
accessible travel behaviour data are repeated cross-sectional data. A
major advantage of independent cross-sectional samples is that they are
available over longer periods of time, such as the Dutch National Travel
Surveys, a data set we used in this paper. Another advantage is that
independent samples are not affected by dropout. A major dis-
advantage, however, is that they do not provide information for the
same respondents across time, making it impossible to analyse intra-
personal dynamics. A limited number of studies have used repeated
cross sectional data from several survey waves to measure the change in
factors influencing travel behaviour over time (Feng et al., 2017;
Guerra, 2014; McDonald, 2015; Susilo and Maat, 2007; Zegras and
Hannan, 2012). The majority of these studies has investigated changes
in travel behaviour over two or three time points, by pooling the data
sets on households and using interaction with time dummies or the test
of preference stability to identify the effect of variables for specific time
points. This method retains the individual characteristics and is easy to
interpret. However, as each time point contains different observations,
the data do not have a longitudinal structure where the same panel
units are observed over time.

Alternatively, existing repeated cross-section samples can be re-
structured to behave as genuine panel data with temporal ordering,
where changes within a panel unit and their determinants can be
measured over time. This requires the construction of pseudo panels
where individuals are grouped into homogenous groups of observations
over time. Under certain conditions these groups can be treated as
genuine panel units (Van de Coevering et al., 2016). Thus a trade-off is
made between keeping individual characteristics and obtaining a panel
structure where the same units (here groups of people) are traced over
time. While this method entails a loss of individual characteristics, the
resulted panel structure satisfies an important condition for causal in-
ference, namely the temporal precedence of cause and effect. In the
transport field, this method has been applied to repeated cross-sectional
data to mainly model car ownership (Dargay, 2002) and public trans-
port demand (Tsai et al., 2014).

By using such a pseudo panel analysis, this paper investigates the
dynamics of daily distances travelled, related to characteristics of the
built environment. The study is guided by the research question how
travel behaviour has developed from 1980 to 2010 in the Dutch
Randstad, in terms of distances travelled by train, car and bicycle, and
which factors of the built environment and related policies, consistently
or through their change, have influenced this, while controlling for the
role of socio-demographic factors. In doing so, we also tested the
pseudo panel approach and the best estimation model to answer this
question. The study area is the Randstad, the core region of the
Netherlands. This region is interesting, as its developments are partly
consistent with that of other urban regions in the world, but at the same

time it was subject to increasingly stringent policy objectives (see, e.g.,
Kasraian et al., 2017, for a long-term overview of the land use, transport
infrastructure and spatial policy developments in the Randstad). This
study is unique as it models a relatively long time period, namely three
decades, from 1980 to 2010. In addition to most previous studies, the
focus is not only on a single mode, but on train, car and bicycle travel.
For this, descriptive and pseudo panel analyses are applied to a series of
repeated annual surveys over 30 years, including socio-demographic,
residential location and travel behaviour indicators. This study evalu-
ates three frequently used pseudo panel estimation techniques, i.e., the
pooled ordinary least squares, fixed effects and random effects. Fur-
thermore, a hybrid estimation is applied and its performance as the
best-fitting model is investigated. The results of this study provide
policymakers with understanding of the long-term effects of infra-
structure investments, urban growth and mitigating policies on travel
behaviour.

The next section provides a brief overview of the investigated data
and its preparation. We then summarise and compare the estimation
techniques applied to pseudo panels and elaborate on the new hybrid
method. Subsequently we compare the results of various estimation
techniques and the difference between the three modes. The paper ends
with reflections on the findings and recommendations for future policy
and research.

2. Data

A long-term geo-referenced database was constructed by bringing
together various sources. The surveys reported the origin and destina-
tion of trips at the municipal level until 2004 and afterwards at the
much more detailed level of 4-digit postal codes. Spatial, socio-demo-
graphic and travel behaviour data with varying measurements were
recoded and converted to the municipal borders of year 2004 (pro-
portional to the area of each year's spatial unit existing within the 2004
municipal border) to generate a consistent dataset for seven time
points: 1980, 1985, 1990, 1995, 2000, 2005 and 2010.

Travel behaviour variables were extracted from the Dutch National
Travel Surveys (OVG, MON and OViN) which provide reliable travel
diary data since 1979 on an annual basis (Statistics Netherlands (1979-
2004); Ministry of Infrastructure and Water Management
[Rijkswaterstaat, Dienst Verkeer en Scheepvaart] (2011); Statistics
Netherlands (2010)). The sample was limited to the Randstad popula-
tion. As sample sizes varied, they were made comparable between the
time points by adding respondents from the previous and proceeding
year (e.g. 1984 and 1986 were added to 1985). Respondents younger
than 20 years were excluded because of their constrained travel beha-
viour). We estimated single-mode models for travel by train, car and
bicycle. Only respondents who reported at least one trip by train, car or
bicycle during the survey day, were included. The sample size per year
resulted in 11,066 (1980), 13,348 (1985), 15,107 (1990), 32,596
(1995), 29,007 (2000), 32,858 (2005) and 12,690 (2010) cases.

Table 1 provides an overview of variables used in the analysis, their
definitions and sources. Average daily travel kilometres were split into
train, car passenger or car driver, and bicycle; multi-modal trips were
recoded to the transport mode with the longest leg (in kilometres) of the
trip; other modes (e.g. motorcycles, tram, bus, metro) were excluded
regarding their smaller share in total distance travelled. Walking trips
were left out as they artificially increased over time due to improve-
ments in their measurement in the more recent survey waves.

Socio-demographics are age, gender, educational level, personal
income and household car ownership. Residential municipalities were
categorised by “daily urban systems”, according to Van der Laan (1998)
used in several other studies (Schwanen et al., 2001; Van Eck and
Snellen, 2006). Though the Randstad and its borders have evolved, its
daily urban systems have been relatively stable over time. The three
categories are “urban centres”, “suburbs” (including medium sized ci-
ties in the vicinity of the urban centres) and “rural”. Accessibility was
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measured as the Euclidian distance from the municipality's mean
centre, i.e., its centroid based on the dispersion of built-up area across
the municipality, to the closest railway station and motorway exit at
each time point.

3. Methodology

3.1. Pseudo panel analysis

Pseudo panel analysis was initially introduced for analysing re-
peated cross-sectional data in consumer economics (Deaton, 1985). Its
few applications in travel behaviour studies have been to model car
ownership, public transport and induced travel demand. Dargay and
Vythoulkas (1999) investigated car ownership in the UK from 1970 to
1994. Tsai and Mulley (2014) modelled short-run and long-run public
transport demand in Sydney, Australia over 1982–1995. Weis and
Axhausen (2009) investigated the induced travel demand during
1974–2005 for Switzerland.

The pseudo panel approach relies on the construction of homo-
genous groups of respondents based on shared characteristics which are
associated with the dependent variable and which are time-invariant
(do not change over time). Each group has a number of cohorts, which
equals the number of survey waves for that group. Younger groups
participated in less survey waves, thus have less cohorts. Defined
groups are treated as panel units and cohort means are treated as ob-
servations in a panel. Cohort means are then traced over time just like
observations of an individual in a genuine panel data. The point of
departure of pseudo panel analysis is a simple genuine panel data
equation:

= + + +y x µit it i it0 1 (1)

where i denotes the panel units, namely individuals, t denotes the time
period, μi is the individual-specific error term or unobserved individual
effect, and εitis the independent error term. The dependent variable y
represents the average daily kilometres travelled by train, car or bi-
cycle. The predictors include a number of socio-demographic and lo-
cation variables (Table 1). When applied to a pseudo panel, the equa-
tion transforms into:

= + + +y x µgt gt gt gt0 1 (2)

Here the units of analysis are no longer individuals, but homo-
genous groups of individuals, denoted by subscript g instead of i.
Respectively, dependent and independent variables are transformed
into ygt and xgt which are the mean values within each group g at time t
and calculated as: = =y ygt k i

k
it

1
1 and = =x xgt k i

k
it

1
1 , where k is the

number of individuals in a group's cohort. The term µgt specifies the
average group-specific error or the average unobserved group effect
which, unlike unobserved individual effect μi, varies over time. The
reason is that the cohorts of a certain group include different members
at various time points. However, the unobserved group effect is con-
sidered time-invariant and groups are treated as panel units as cohorts
are large enough (including at least 100 members as a rule of thumb),
and there is sufficient between-group variation and within-group
homogeneity (Deaton, 1985; Verbeek and Nijman, 1992).

The chosen grouping criteria are birth year and level of education.
There is a trade-off between cohort size and the number of groups as an
increase in one results in a decrease in the other (Tsai et al., 2013).
Thresholds for subcategories within each criterion and respectively the
number of groups were chosen regarding consistency over time (the
common denominators of varying measures at different survey waves)
and to maximise the number of members per all cohorts. Table 2 shows
the constructed groups, their average cohort size and the number of
cohorts. All dependent variables and the majority of the independent
ones have higher between group than within group standard deviations.
Thus the constructed pseudo panel satisfies the sufficient between-
group variation condition.

Birth year was not registered as a continuous variable for several
time points and respondents' age was collected within varying age
bands over the survey waves. Due to different age classifications, re-
spondents with the age of 20 or more had to be chosen to achieve
consistent groups over time. This threshold plus broad classifications
for education groups reduce the likelihood of change within education
categories over the study period.

The final pseudo panel dataset consists of twenty-one groups, based
on a 7 by 3 classification of birth year and education. The number of
cohorts for every group equals the number of survey waves where that
group is present. Eleven of the twenty-one groups have observations for

Table 1
Overview of variables used in the analysis, their definition and sources.

Variable Definition Source

Travel behaviour Average daily distance travelled by train [km]
Average daily distance travelled by car [km]
Average daily distance travelled by bicycle [km]

National Travel Survey: OVG for 1979–2000, MON for 2004–2009,
OViN for 2010

Socio-demographic
Gender For all socio-demographic variables, National Travel Survey: OVG for

1980–2000, MON for 2005, OViN for 2010Age
Household size Number of household members
Income Lower, around or higher than modal income
Education Low, medium or highly educated
Car availability The individual has a driving licence and there is at least one car in the

household
Employment Employed (full-time or part-time) or not

Land use
Population density of the
built-up area

Number of inhabitants in the individual's home municipality per square
kilometre built-up area. Built-up area is defined as the physical space
used for urban functions, including real estate for housing, services,
companies, infrastructure and parks.

Historical land use in the Netherlands (Historisch Grondgebruik
Nederland, HGN) 1980–1990 from Alterra, Wageningen University;
Adjusted Land use (BBG Mutatiereeks) for 2000–2010 from Statistics
Netherlands (CBS) and Kadaster; Population at each time point from
CBS

Location within the
Randstad

Belonging to “urban centres”, “suburbs” or “rural” Based on Van der Laan (1998)

Accessibility
Distance from rail Distance from the municipality's mean centre to the closest rail station

[km]
Own calculation using ArcGIS

Distance from motorway Distance from the municipality's mean centre to the closest motorway
exit [km]

Own calculation using ArcGIS
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the whole study period. Thus, each of these groups has seven cohorts
corresponding to 1980, 1985, 1990, 1995, 2000, 2005 and 2010 survey
waves. However, groups based on the more recent birth years have
increasingly fewer observations (cohorts), as their members were not
yet born or were too young to qualify for the threshold age of 20 years
at earlier survey waves. Eight cohorts containing<100 members were
excluded from the panel dataset to minimise the measurement error,
leaving a total of 103 cohorts, which equals the total number of ob-
servations in the pseudo panel dataset.

3.2. Estimation techniques

Pseudo panel data can be investigated with the same variety of es-
timation techniques as genuine panel data including pooled ordinary
least squares, fixed and random effects and instrumental variable esti-
mators (Tsai and Mulley, 2014). The choice of the estimation technique
is not straight forward as panel data estimators perform differently
based on the characteristics of the dataset (Tsai et al., 2014). For in-
stance, depending on the ratio of within- to between-group variation or
the presence of unobserved group effect, some estimation techniques
might produce biased results (see below).Furthermore, there is a hier-
archical structure of the pseudo panel data constructed from repeated
cross-sectional observations. That is, the inherent temporal hierarchy is
due to every group having several observations (cohort means) over the
study period. In other words, observations are nested within groups.
When temporal hierarchies exist, observations within the same group
are very likely related to each other over time (Bell and Jones, 2015).
The remainder of this section summarises widely used pseudo panel
estimation techniques for continuous response variables, and in-
troduces a hybrid model which to the best of our knowledge is not
applied to pseudo panel studies so far. These techniques and their
characteristics are summarised in Table 3.

3.2.1. Pooled ordinary least squares
Pooled ordinary least squares technique (POLS) has been re-

commended for pseudo panel datasets with larger between-group than
within-group variation (Tsai et al., 2013). This technique pools data
from all survey waves and uses all the available variation in the data,

including variation between waves and groups. In the presence of un-
observed group effect, this estimator will be biased and inconsistent
(Tsai et al., 2013). As all observations are treated the same, the geo-
graphic and/or temporal hierarchy between the higher levels (e.g.
countries, groups) and lower levels (e.g. states, observations) are
overlooked.

3.2.2. Fixed effects
Fixed effects (FE) models have been generally used for estimating

static pseudo panels (Tsai et al., 2014). This specification involves de-
meaning Eq. 2, i.e., subtracting the time-mean of each unit yg (where a
unit is a group g in pseudo panel analysis) from each observation of that
unit (ygt), which results in the omission of unobserved group effect. FE
is a within estimator as it measures the deviation from the mean within
each group over time. There are two caveats regarding its usage in
pseudo panel analysis. First, the unobserved group effect varies over
time – as opposed to unobserved individual effect which is fixed. So the
rational of FE which controls for group effect by “cancelling it out”
would be problematic in pseudo panel analysis (Tsai et al., 2014). That
is why this model is used with large cohort sizes with at least 100
members in order to ignore the measurement error. The second pro-
blem is that even if the measurement error is minimised by using large
cohort sizes, FE focuses on the relation between outcome and predictors
within an entity (group in this case) and disregards the differences
between entities. Thus FE will be inefficient for panel data with much
larger between-entity variation than within-entity variation (Allison,
2009). This condition applies to pseudo panel groups which are con-
structed with the aim to maximise between-group variance as opposed
to within-group variance.

3.2.3. Random effects
Random effects models (RE) have also been applied to pseudo panel

analysis (Dargay and Vythoulkas, 1999). This model assumes exo-
geneity between the regressors and the unobserved group effect. It is
estimated by generalised least squares (GLS) or maximum likelihood
(ML) and takes into account both between-group and within-group
variations. RE takes account of the data's hierarchical structure with its
multi-level structure, as it partitions the unexplained residual variance
into higher and lower levels. In this case, the lower level consists of
observations which are nested in the higher level of pseudo panel
groups. However, if the exogeneity assumption fails to hold, RE esti-
mates will be biased. A conventional criteria for deciding between RE
and FE is the result of the Hausman test. It examines the orthogonality
of unobserved group effect from other regressors and compares the
efficiency of FE and RE.

3.2.4. Hybrid method
Another method – which to the best of our knowledge has not yet

been applied to pseudo panel analysis in travel studies – is a hybrid
estimation based on a reformulation of Mundlak (1978). This specifi-
cation is especially of importance for repeated cross-sectional data with
temporal hierarchies (Bell and Jones, 2015). It includes, like FE, the
independent variables with a time-demeaned transformation, i.e., in the
form of deviations from the group's time-mean x x( )gt g . Thus it
measures the within-group, or time-series variation. Furthermore, the
means of higher entities over time are also included as explanatory
variables. In this case, these are group-specific means x( )g , which are
time invariant components of the independent variables as they are
averages over time. The coefficients of these time-mean variables will
show the between-group, or cross-section variation. Finally, the model
with independent variables transformed as above is estimated with an
RE model which takes the hierarchical structure into account.

The hybrid technique specifically models the unobserved group ef-
fect, making Hausman test obsolete (Bell and Jones, 2015). Further-
more, the within and between effects are both measured and clearly
separated, making interpretations easy. Finally the temporal hierarchy

Table 2
Overview of the constructed groups based on birth year and education, their
average cohort size and number of cohorts.

Group Grouping Criteria Average cohort size No. of cohorts

Birth year Education

1 ≤1925 Low 585 7
2 1926–1940 Low 633 7
3 1941–1950 Low 352 7
4 1951–1960 Low 221 7
5 1961–1970 Low 125 5
6 1971–1980 Low 78 3
7 1981–1990 Low 13 1
8 ≤1925 Medium 1059 7
9 1926–1940 Medium 2308 7
10 1941–1950 Medium 2846 7
11 1951–1960 Medium 3227 7
12 1961–1970 Medium 3592 5
13 1971–1980 Medium 2396 3
14 1981–1990 Medium 519 1
15 ≤1925 High 273 7
16 1926–1940 High 646 7
17 1941–1950 High 1108 7
18 1951–1960 High 1482 7
19 1961–1970 High 1829 5
20 1971–1980 High 1788 3
21 1981–1990 High 345 1

Total 111

Final number of cohorts: 103, 8 cohorts< 100 members.
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of the data is taken into account as it is a multi-level model. This spe-
cification has been suggested by others as a “hybrid” method, i.e., a
compromise between FE and RE (Allison, 2009; Schmidt, 2012). Bell
and Jones (2015) correctly contend that this model is in fact an RE
model. However, in order to distinguish between this method and the
standard RE and to use the terminology of pervious works, this paper
also adopts the term “hybrid”.

4. Results

4.1. Descriptive analysis at the traveller level

Fig. 1 summarises long-term trends in daily distances per traveller
(i.e., a respondent who has reported at least one trip by either train, car
or bicycle), by separate transport modes and the three together, from
1980 to 2010. As expected, the majority of the kilometres are travelled
by car, as the share of car trips is significantly higher than that of the
train and bicycle. The average daily distance travelled by all three
modes (the purple line) has increased since 1980, reaching a peak at
1995, and has been more or less decreasing ever since. However, there
is a caveat: the average is influenced by outliers (e.g. a limited number
of respondents who travel very long distances). The median daily kilo-
metres travelled (the dashed purple line) is much lower than average,
revealing that half of the travellers living in the Randstad have been
travelling below 30 km per day over three decades. As many re-
spondents did not report a bicycle or a train trip on the survey day, their

medians are zero. A remarkable trend is the decline in kilometres tra-
velled by car after mid-1990s, which is more significant in the Randstad
in comparison with the rest of the Netherlands. We believe this could be
attributed to the ‘Randstad effect’, which is a combination of a number
of interrelated factors: spatial and transport policies which have en-
couraged compact urban developments and improved the competi-
tiveness of public transport, the saturation of accessibility by car and
the growing disutility of using cars in the Randstad regarding the high
costs of parking in the big cities. The following sections will summarise
the above trends at the group level and model them.

4.2. Comparison of estimation techniques

To select the optimal model, the four estimation techniques are
applied to average daily train kilometres travelled. Table 4 compares
the standardised coefficient estimates achieved by pooled ordinary least
squares (POLS), fixed and random effects (FE and RE) and hybrid
techniques. The dependent variable is logarithm transformed to mini-
mise the effect of its positive skewness and heteroscedasticity. Con-
trolling for multicollinearity determined the final choice of independent
variables. These variables include the groups' share of (1) different age
bands, (2) females, (3) medium and high-income earners, and (4)
people living in the suburbs and rural areas, as well as the groups'
average of (5) members' household size, and (6) living municipalities'
distance to the closest motorway exit. Time-demeaned variables are
indicated with (d). For instance, % Female (d), is the deviation of the

Table 3
Most used pseudo panel estimation techniques and their characteristics.

Model name and specification Controls for unobserved group effect Multi- level
structure

Characteristics Estimation
technique

Pooled ordinary least squares (POLS)
yg= β0+ β1xg+ εg

No No Pools all observations; is biased in the presence of
unobserved group effect

OLS

Fixed effects (FE)
= +y y x x( )gt g gt g1 ( )gt g

By cancelling it out No Unable to model time-invariant variables or between-unit
effects

OLS

Standard random effects (RE)
i. random intercept:
ygt= β0+ β1xgt+ μg+ εgt
ii. random intercept and slope:
ygt= β0+ β1jxgt+ μg+ εgt

By including it in the model
(assumed exogenous)

Yes Can model time invariant variables and between-unit
effects; biased if assumption of exogeneity is not met;
assumes a random intercept which can be estimated with
a fixed or random slope

GLS; ML

Hybrid
= + + + +y x x x µ( )gt gt g g g gt0 1 2

By including it in the model
(assumed exogenous) plus a higher
level mean for time-varying
covariates

Yes As above, the addition of higher level mean ensures that
the effect estimates of higher level variables are corrected
for between cluster differences of xit; β1 and β2 are easy to
interpret as they explicitly show within and between
group variations

GLS; ML

Note: To indicate that our units of analysis are groups rather than individuals, we use g in the notations rather than an i.

0

10

20

30

40

50

1980 1985 1990 1995 2000 2005 2010

A
ve

ra
ge

 k
m

 tr
av

el
le

d

Average km travelled
by all modes

Average km travelled
by car

Median km travelled
by all modes

Median km travelled
by car

Average km travelled
by train

Average km travelled
by bicycle

Fig. 1. Daily distance travelled by all and separate modes for travellers living in the Randstad from 1980 to 2010.
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proportion of females in the group from the group-specific mean over
time x x( )gt g . The group-specific mean over time (x )g itself is indicated
with the same variable name marked with (m). The results of various
tests such as Breusch and Pagan Lagrangian multiplier test for random
effects, Ramsey's RESET test for omitted variables and Hausman test
were compared to identify model misspecification.

The first column shows the result of POLS. The signs and sig-
nificance of the variables are as expected, however, the Breusch and
Pagan Lagrangian multiplier indicates the presence of random effects,
which means that POLS estimates are biased. The FE model in the
second column includes group fixed effects, i.e., dummies for all groups
(minus one) which absorb the unobserved group effect. The model fit in
terms of R2 is the highest, however FE fails to explain the pseudo panel's

high between variance.
The last column shows the result of the hybrid specification. The

within estimator part of this model x x( )gt g1 explains the variance
between waves, i.e. the development of average daily train kilometres
travelled over time. In other words, it measures the effect of a change in
explanatory variables (marked with d), on a change in average daily
train kilometres travelled, within each group over the study period. A
rise in the share of people above the age of 40 is shown to cause a rise in
the amount of average daily train kilometres travelled over time.
Another significant coefficient is the percentage of members living in
the suburbs within a group, implying that an increase in the share of
suburban inhabitants over time will result in lower train kilometres
travelled. In theory, the coefficients achieved with the within estimator

Table 4
Model estimates based on pooled ordinary least squares, fixed effects, random effects and hybrid techniques for the natural logarithm of average daily distance
travelled by train [km].

Independent variables (1) Pooled OLS (2) Fixed effects (3) Random effects (4) Hybrid

Age
% 30–39 −0.293⁎ −0.286⁎⁎

% 40–49 −0.193 −0.176
% 50–64 −0.277⁎⁎ −0.213⁎⁎

% 65 or older −0.175 −0.157
% Female 0.238⁎ 0.149
Household size −0.175 −0.105
% Medium income 0.191 0.120
% High income 0.756⁎⁎⁎ 0.631⁎⁎⁎

% Living in suburb −0.221⁎⁎ −0.282⁎⁎⁎

% Living in rural area 0.057 0.050
Dist. to motorway exit −0.320⁎⁎ −0.261

Age (d)
% 30–39 −0.071 0.069
% 40–49 0.150 0.338⁎

% 50–64 0.396 0.566⁎

% 65 or older 0.548 0.574⁎

% Female (d) −0.005 0.004
Household size (d) 0.133 −0.009
% Medium income (d) −0.198 −0.193
% High income (d) −0.166 −0.086
% Living in suburb (d) −0.329⁎⁎ −0.165⁎⁎

% Living in rural area (d) 0.141 0.080
Dist. to motorway exit −0.263 −0.338

Age (m)
% 30–39 −0.112
% 40–49 −0.049
% 50–64 −0.436⁎⁎

% 65 or older −0.802
% Female (m) 0.051
Household size (m) −0.794
% Medium income (m) −0.105
% High income (m) 0.236
% Living in suburb (m) 0.116
% Living in rural area (m) 0.217
Dist. to motorway exit −0.460⁎⁎

Year
1985 −0.645 −0.313 −0.548 −0.471
1990 −0.832⁎⁎ −0.623 −0.660 −1.231⁎

1995 −0.853⁎⁎ −0.654 −0.661 −1.326⁎

2000 −0.957⁎ −1.141 −0.811 −2.027⁎⁎

2005 −1.264⁎⁎ −1.399 −1.069 −2.420⁎⁎

2010 −1.815⁎⁎⁎ −1.602⁎ −1.454⁎⁎ −2.797⁎⁎

Constant 2.132⁎⁎⁎ 1.015 1.971⁎⁎⁎ 2.757⁎⁎⁎

Group fixed effects No yes no no
R2

Within 0.466 0.373 0.453
Between 0.113 0.722 0.891
Overall 0.602 0.808 0.590 0.739

N=103; Standardised coefficients (robust standard errors in parentheses).
All independent variables except for year dummies are standardised.

⁎ p < 0.10.
⁎⁎ p < 0.05.
⁎⁎⁎ p < 0.001.
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of the hybrid model and those of the FE model should be identical.
However, this is not the case as the time-mean of every variable – e.g.
year – is not included in the model (Schmidt, 2012) and there is var-
iation in the number of cohorts per group (Allison, 2009).

The between estimator part of the model, xi2 , explains the variance
at the group level. In other words, it measures differences between
groups at the cross section level. The coefficients measure the ex-
planatory power of time-invariant variables (marked with an m), in this
case the time-means of higher-entities which are the groups. Here, two
variables show a negative effect: the groups' share of 50–64 year olds
and the average distance to the motorway exit. This means that, con-
sidering the whole study period as a cross section, groups with a higher
share of people in their fifties and early sixties or a high average dis-
tance to motorway exits are associated with lower daily train kilometres
travelled.

The hybrid model measures the within and between variations in a
manner which is easy to interpret, in line with our aim to distinguish
between determinants' constant and varying influences over the study
period. Unlike FE, this model captures the high between group varia-
tion existing in our dataset and outperforms the RE in terms of R2. Thus
it is the most suitable model for our dataset. Although not reported, the
four models for bicycle and car kilometres yielded the same results. The
comparison of the hybrid specification between the modes is reported
in the next section.

4.3. Distances travelled by train, car and bicycle and their determinants
over time

With the hybrid method selected as the best fit for our research
questions and database, this section presents hybrid models for all
modes, i.e., for the natural logarithm of average daily distances tra-
velled by train, car and bicycle (Table 5). The train model shows that
considering the within-group change over time (d variables), an in-
crease in the share of people above 40 is related to higher daily train
kilometres travelled. On the contrary, a rise in groups' share of sub-
urban inhabitants –at the cost of leaving the urban core– is associated
with lower train kilometres travelled. As for between-group differences
(m variables), groups with higher share of 50–64 year olds and those
with higher distance to motorway exit have lower daily train kilo-
metres. It seems counterintuitive that living further away from motor-
ways results in lower train kilometres, however this is most likely be-
cause many motorways were constructed parallel to railways in an
attempt to bundle transport infrastructures and the two networks are
highly correlated.

The different signs for the share of 50–64 year olds, measured by the
within and between estimators of the hybrid model might seem con-
tradictory. However, it should be kept in mind that the within estimator
measures the variables' deviation from the average while the between
estimator measures their average over time. So, while an increase in the

Table 5
Comparison of the result of the hybrid model for the natural logarithm of average daily distance travelled by train, car and bicycle [km].

Independent variables (1) Train (2) Car (3) Bicycle

Age (d)
% 30–39 0.069 (0.118) 0.104⁎⁎ (0.038) 0.095⁎⁎ (0.042)
% 40–49 0.338⁎ (0.184) 0.163⁎⁎ (0.067) 0.197⁎⁎ (0.074)
% 50–64 0.566⁎ (0.298) 0.244⁎⁎ (0.111) 0.280⁎⁎ (0.105)
% 65 or older 0.574⁎ (0.329) 0.149 (0.121) 0.298⁎⁎ (0.112)
% Female (d) 0.004 (0.047) 0.002 (0.013) −0.021 (0.016)
Household size (d) −0.009 (0.163) 0.010 (0.062) −0.067 (0.051)
% Medium income (d) −0.193 (0.177) 0.040 (0.034) −0.035 (0.024)
% High income (d) −0.086 (0.123) −0.012 (0.030) −0.031 (0.037)
% Living in suburb (d) −0.165⁎⁎ (0.054) −0.003 (0.018) 0.038⁎ (0.020)
% Living in rural area (d) 0.080 (0.136) 0.037⁎⁎ (0.017) −0.011 (0.018)
Dist. to motorway exit (d) −0.338 (0.235) −0,011 (0.036) −0.037 (0.037)

Age (m)
% 30–39 −0.112 (0.140) −0.021 (0.024) −0.060⁎ (0.033)
% 40–49 −0.049 (0.126) 0.010 (0.025) 0.024 (0.046)
% 50–64 −0.436⁎⁎ (0.148) −0.042⁎⁎ (0.018) 0.008 (0.029)
% 65 or older −0.802 (0.714) −0.303⁎⁎⁎ (0.084) −0.267 (0.174)
% Female (m) 0.051 (0.146) 0.017 (0.020) 0.021 (0.053)
Household size (m) −0.794 (0.589) −0.203⁎⁎ (0.069) −0.170 (0.193)
% Medium income (m) −0.105 (0.123) 0.020 (0.016) −0.063⁎⁎ (0.029)
% High income (m) 0.236 (0.276) 0.192⁎⁎⁎ (0.041) −0.097 (0.084)
% Living in suburb (m) 0.116 (0.197) 0.046⁎⁎ (0.020) −0.051 (0.058)
% Living in rural area (m) 0.217 (0.230) 0.046 (0.037) 0.062 (0.059)
Dist. to motorway exit (m) −0.460⁎⁎ (0.203) −0.021 (0.033) −0.152⁎⁎ (0.055)

Year
1985 −0.471 (0.462) 0.130⁎⁎ (0.062) 0.145⁎⁎ (0.073)
1990 −1.231⁎ (0.693) 0.117 (0.123) −0.184 (0.148)
1995 −1.326⁎ (0.771) 0.124 (0.133) −0.108 (0.175)
2000 −2.027⁎⁎ (0.918) −0.081 (0.184) −0.675⁎⁎⁎ (0.199)
2005 −2.420⁎⁎ (1.046) −0.080 (0.237) −0.786⁎⁎ (0.271)
2010 −2.797⁎⁎ (1.155) −0.398 (0.278) −0.791⁎⁎ (0.318)
Constant 2.757⁎⁎⁎ (0.722) 3.547⁎⁎⁎ (0.145) 1.459⁎⁎⁎ (0.184)

R2

Within 0.453 0.765 0.648
Between 0.891 0.987 0.826
Overall 0.739 0.908 0.714

N=103; Standardised coefficients (robust standard errors in parentheses).
All independent variables except for year dummies are standardised.

⁎ p < 0.10.
⁎⁎ p < 0.05.
⁎⁎⁎ p < 0.001.
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share of the 50–64 year olds over time will result in higher train kilo-
metres, in general higher shares of people in their fifties and early
sixties is associated with lower train kilometres travelled.

The second model indicates that an increase in age until 65, as well
as an increase in the share of people living in rural areas are associated
with higher car kilometres travelled over the study period. While in
general, groups with a higher share of people above 50 (especially
above 65), and higher average household sizes, travel lower distances
by car per day. As expected, groups with a higher share of high-income
people and suburban inhabitants also have higher car kilometres tra-
velled. The third model shows that an increase in age within the group
results in progressively higher average daily bicycle kilometres tra-
velled over the study period. This implies that people are increasingly
biking more as they become older (especially above 50). Furthermore, a
rise in suburban inhabitants is linked to higher bicycle kilometres tra-
velled. On the other hand, groups with a higher share of people in their
30s, medium-income earners and with higher average distance to mo-
torway exits, have lower bicycle kilometres. Similar to the train model,
distance from motorway exits is a proxy for transport infrastructure
availability and eventually how isolated an area is (the Randstad's outer
ring and Green Heart in this case). Here opportunities are less con-
centrated and spread over longer distances thus are not feasible for
bicycle travel.

Trends in the time fixed effects (year dummies) show that control-
ling for sociodemographic and location characteristics, average daily
kilometres by bicycle and to a higher degree by train have been in-
creasingly decreasing with more recent survey waves compared to
1980. There is a similar decrease in the car kilometres travelled, how-
ever, the results are not significant.

5. Conclusions and discussion

This paper investigated the trends in average daily distance tra-
velled and its determinants, for the three modes of train, car and bi-
cycle, from 1980 to 2010 in the Dutch polycentric metropolitan region
of the Randstad, using descriptive and pseudo panel analysis with
various econometric models. Its aim was to find out how travel beha-
viour has developed over the long term in the Randstad and to pinpoint
the impact of the changing built-environment on the development of
travel behaviour, while controlling for the role of socio-demographics.
Its specific contribution to the field is threefold. First, it investigated the
development of travel behaviour over a very long time period. Second it
compared average daily distance travelled between three transport
modes (train, car and bicycle) and their determinants over time. Finally
it applied a new hybrid method to the pseudo panel analysis in travel
studies.

Analysis at the traveller level revealed that median daily distance
travelled in the Randstad has remained under 26 km, even at its highest
point in 1995, has dropped to 20 in 2010 for all modes, and for cars
even to 15. In other words, half of the Randstad inhabitants have been
travelling ≤26 km a day over the past thirty years (and this is excluding
those who reported no trip during the survey day). This makes alter-
native transport modes with relatively limited range such as electric
cars and bicycles suitable for the Dutch context and especially the
Randstad. With the emerging electric bicycles, more than half of the car
trips can be easily replaced by cycling (Lee et al., 2015).

Regarding the effect of change (of determinants) on change (of
travel behaviour) at the group level, a rise in age is increasingly related
to higher train and bicycle kilometres travelled. In other words, as
people grow older, they increasingly travel more by train and bicycle,
possibly as they consider it more important to remain fit (Fishman
et al., 2015) and have more time compared to busy young adults and
families with children. This calls for an increase in train and bicycle
facilities for the elderly, in particular safer bicycle infrastructure, as
older electric cyclists appear to be highly vulnerable (SWOV factsheet,
2013).

The role of the built environment is measured by the impact of re-
sidential location (urban, suburban or rural) and distance to motorway
exits. The findings show that an increase in the inhabitants of suburban
areas –at the cost of leaving the urban core– is associated with sig-
nificantly lower distances travelled by train. This is most likely due to a
lower supply and service quality of suburban rail infrastructure in
comparison with the central cities (Limtanakool et al., 2006). However,
a higher share of suburbanites results in higher bicycle kilometres tra-
velled, which could be for the reason that various land uses are further
apart in less dense suburban environment compared to urban cores,
which necessitates travelling longer distances to perform activities.
Moreover, it is easier to bike in a suburban environment than in con-
gested big cities, and furthermore bicycles have more competition from
urban public transport in the bigger cities (Bamberg et al., 2003). A rise
in the share of rural inhabitants is associated with higher car kilo-
metres. This was expected as the “rural” category includes munici-
palities in the Green Heart and the Randstad's outer ring which mostly
lack an efficient and well-connected rail infrastructure, have less dis-
incentives for car use and more space for parking (Kasraian et al.,
2016a). Areas on higher distances from motorway exits are most likely
in the Green Heart and outer rings, which also lack proper train con-
nections, thus train and also bicycle kilometres travelled show lower
values.

Pseudo panel analysis provides the opportunity to analyse travel
behaviour over long time spans at a relatively disaggregated (group)
level while using available travel survey datasets. There are, however, a
number of caveats to be considered. First, it is not possible to control for
the issue of residential self-selection with this method. Second, the
extent to which the grouping criteria for the construction of pseudo
panel groups and the characteristics of the constructed groups bias the
results, is not clear and calls for further investigations, such as the work
of Tsai et al. (2013). Third, the findings are based on groups of in-
dividuals. While we have tried to minimise the loss of information on
the variation of the observations within groups by ensuring that the
within-group variation is small compared to between-group variation, it
is not known whether and to what degree the results differ from an
individual level analysis. Despite these caveats, pseudo panel analysis
contributes to investigating changes in travel behaviour and its de-
terminants over time spans and at a level of aggregation which are
otherwise not possible in the absence of genuine panel data. The hybrid
technique applied in this paper is shown to be the best estimation for
analysing our pseudo panel dataset, as it explicitly models unobserved
group effect, takes account of the temporal hierarchy of repeated cross-
sectional data, and measures both within- and between-group variation
in a manner which is easy to interpret and outperforms the RE estimate.
Furthermore, it can include time-invariant variables if needed.

This study used a static specification, future research could identify
short- and long-term rate of change in travel behaviour in response to
land use and transport infrastructure, e.g. by incorporating dynamic
partially adjusted models (Tsai et al., 2014). Future research could test
and compare more complicated accessibility measures such as potential
accessibility indicators to gain a more in-depth understanding of the
(changing) role of access to transport in travel demand. Furthermore,
the model fit in terms of R2 was shown to be highest for car, compared
to train and bicycle. This suggests that the chosen variables can explain
the variation in distance travelled by car more than train and bicycle. It
is important to identify and estimate the role of other train and bicycle
related factors such as train fare prices, quality and supply of bicycle
and train infrastructure or attitudes towards their use, which could
provide more insight into how their travel behaviour varies from car.
Finally, this analysis measured the impact of land use on travel beha-
viour. Nevertheless, it is very likely that a reverse relation exists where
travel behaviour affects land use over the long time span of the study.
Further research should include the possibility of reverse causality and
measure its impact as well.
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