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While most studies on mode choice behaviour and households are typically based on

individual travel behaviour decisions, less is known about how relations inside households affect
mode choice. This paper addresses this topic by examining intra- and inter-household variation
in car use. The decision to use the car is modelled for home-based tours, based on data from the
2013 and 2014 waves of the Netherlands Mobility Panel. A multilevel framework is used to
investigate mode choice behaviour at tour, individual and household level to account for the
impact of individual and household characteristics on travel mode choice, interdependencies of
individuals within their households and variation in individual travel mode choice and other
characteristics over time. The results show that variability between households and individuals
accounts for more than one third of the total variation in the mode choice of home-based tours. In
dual-income households, intra-household interactions have a larger effect on car use than inter-
household interactions. Although only two panel waves are used, the model results show
significant time effects on mode choice: if the same tour was also conducted in the previous year
and one person changed working hours or work location, car use is less likely.
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1. Introduction

The overarching aim of transport policies in most countries is to increase accessibility and at the
same time reduce the externalities created by transport. To achieve these aims, transport policies
are developed and implemented to promote a modal shift from car use towards more sustainable
modes such as public transport, cycling and walking. Knowledge about the factors that
determine mode choice is therefore essential, and this has been a major topic in travel behaviour
research in recent decades. There is a huge body of literature on mode choice behaviour.
However, like other activity-travel behaviour studies, most of these studies are typically based on
individual travel behaviour decisions. The existence of intra-household interactions giving rise to
joint activity participation and interdependencies in travel decisions has long been
acknowledged, yet empirical studies of household interactions still remain limited (Ho and
Mulley, 2015a).

There are numerous facets to intra-household interactions and group decision-making that have
important implications for mode choice behaviour. For instance, in a multi-driver household with
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only one car available, agreements about car use have to be made. Also, time-varying personal or
household-level factors may influence household interactions and affect travel behaviour.
Important life events, such as changing jobs or having children, can prompt reconsideration of
routine behaviours, break habits and form a trigger for changes in travel behaviour (Bamberg et
al., 2003). Probably because of the lack of panel data, most studies on household interactions and
travel behaviour (see Ho and Mulley (2015a) for an overview) do not take changes in individual
or household characteristics into account.

Bhat and Pendyala (2005) concluded that there has been a great leap forward in understanding
and modelling intra-household interactions and group decision-making. However, much
remains to be explored and learnt. In particular, there is little literature about the impact of
household interactions on travel mode choice, with the work by Miller et al. (2005) and Ho and
Mulley (2013, 2015b) among the few recent studies. Ho and Mulley (2015b) found that mode
choices differ significantly across joint tour patterns, with public transport being less likely to be
used for joint travel. Miller et al. (2005) developed a disaggregated tour-based mode choice
model, which predicts the mode choice of individual trip makers and takes within-household
and inter-personal interactions into account. However, most studies investigate
interdependencies between household members by defining household characteristics at the
individual level, like household size or the number of children.

An examination of the existing research shows that less is known about how relations inside
households affect mode choice. Consequently, there is little knowledge about which part of
variation in mode choice is due to differences among households and which part is due to
interactions between household members. In this paper, we examine intra- and inter-household
variation in mode choice. We used data from the first two waves from the Netherlands Mobility
Panel (in Dutch: Mobiliteitspanel Nederland, MPN). The MPN is specifically designed for
examining changes in travel behaviour, both at the individual and the household level and the
analysis in this paper addresses the following research question: fo what extent do household
interactions affect home-based car tours, and how do changes in household and individual characteristics
affect home-based car tours?

The remainder of this paper is organised as follows. Section 2 provides a short review of the
literature on the influence of household interactions on travel behaviour. Section 3 describes the
methodology and data used for the analysis. Section 4 details the estimation results and Section 5
presents the conclusions and discusses directions for further research.

2. Literature on household interactions and travel behaviour

Most research on mode choice behaviour is based on individual behaviour and, therefore, on the
individual decision-making process. In general, research on mode choice behaviour focuses on
the following group of determinants at the personal level: individual and household
characteristics, attitudes and preferences, built-environment variables and trip characteristics
(Olde Kalter et al, 2014). Although the importance of representing group decision-making
mechanisms of household behaviour has been recognised since the 1980s, studies about group
behaviour in transportation are new and remain limited (Timmermans and Zhang, 2009).

Household interactions can be divided in three main categories: resource and allocation usage,
task and time allocation, and joint-activity allocation (Timmermans, 2009). All three categories
have their own effect on travel behaviour. With regards to the first category (resource and
allocation usage), some households may have limited resources (for example, one car in a multi-
driver household), which in turn can affect individual travel patterns. Most studies that take
resource and allocation usage into account focus on the relationship between car ownership
and/or car availability and mode choice (for example Anggraini et al, 2008; Gliebe and
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Koppelman, 2005). Maat and Timmermans (2009) examined whether the decision to commute by
car is influenced by built-environment characteristics, taking interdependencies between
household partners into account. They found that for cases of dual earners with only one car, the
partner with the greatest commuting distance and the lowest-density work location is likeliest to
commute by car.

Task and time allocation decisions may also affect travel behaviour. Not all (household) tasks
have to be carried out by all household members, such as grocery shopping and taking the
children to school. Ettema et al. (2007) investigated the role of location factors in task and time
allocation at the household level. The results of that study indicate the existence of various intra-
and interpersonal linkages in activity choice and time allocation. Wang and Li (2009) developed a
model of time allocation in a household and found that time allocation of males contributes more
heavily to household utilities than time allocation of females and that optimal time allocation
patterns depend on household income, number of children, car ownership and type of housing.
Schwanen et al. (2007) investigated the distribution of out-of-home household tasks between
spouses. The results show that women perform the bulk of out-of-home household activities and
that the distribution of household tasks between partners is more even in higher-density, higher-
diversity neighbourhoods.

Concerning joint-activity allocation, decisions about joint activities will have a synchronising
effect on the activity and travel patterns of household members. Vovsha, Petersen and Donnelly
(2007) found that joint travel constitutes a significant share (40-50 percent) of total travel. Ho and
Mulley (2013) established that joint household travel accounts for about 60 percent of all home-
based tours at weekends and for about 50 percent on weekdays. They also showed that
arrangements of joint household travel are highly associated with travel purpose, social and
mobility constraints and household resources. Especially the presence of children is important in
household interactions and joint travel. Vovsha and Petersen (2005) and Yarlagadda and
Srinivasan (2008) found that chauffeur characteristics (gender, employment status and age), the
children’s ages, household car ownership, household income and relative distance between
home, school and workplace had a significant effect on the decision about who takes the children
to school.

The present paper contributes to the understanding of the effect that (changes in) relations
between household members has on travel mode choice, with a special focus on joint activities by
household members as well as with non-household members. Our expectation was that mode
choice is not only the outcome of individual decisions. Our analysis of how relations between
household members affect car use also addresses the effects of different household types and
changes in individual and household characteristics on mode choice.

3. Methodology

A multilevel binary logit model was developed to examine the impact of interactions between
household members on car use. We used a binary mode choice variable as dependent variable:
auto driver mode (1) and other means of transport (0). We decided to use a binary mode choice
model as we were interested in the effect of household interactions and the influence of changes
in household interactions on the decisions of household members to drive a car or not to drive a
car. The results of the model serve as a starting point for investigating more complicated mode
choice models in follow-up studies.

3.1 Multilevel analysis

It is fair to expect that individual household members interact with each other, meaning that
individual persons are influenced by the household to which they belong. Although it is
generally known that individuals within a specific household type may have different travel



EJTIR 16(4), 2016, pp.698-712 701
Olde Kalter and Geurs

Exploring the impact of household interactions on car use for home-based tours: a multilevel analysis of mode
choice using data from the first two waves of the Netherlands Mobility Panel

patterns, most research does not take these differences into account. A common specification
error in travel behaviour research is that variables at the household level, for example household
size and car availability, are disaggregated into explanatory variables at the individual level. The
opposite occurs as well; sometimes individual characteristics are aggregated to explain
differences between households, for instance by assigning to a household the mean trip rate for
all household members. Disaggregation and aggregation causes incorrect assumptions of
independence at different levels. Multilevel analysis is one of the best approaches to deal with
this variation at different levels.

In multilevel analysis, the grouping of participants, which results from either the sampling
scheme (for example, selection of neighbourhoods followed by selection of individuals within
neighbourhoods) or the social groupings of participants (for example, being in the same
classroom, department, organization or political district), is the focus of the theory and
conceptual model, as proposed by Kreft and De Leeuw (1998). Multilevel analysis is a suitable
approach for taking the social contexts as well as the individual respondents or subjects into account.
Multilevel analysis is a statistical technique, which can be applied to hierarchical nested data.
Multilevel models open up opportunities not only to examine relationships at multiple levels of a
data hierarchy but also to incorporate a time dimension into the analysis. Longitudinal data, or
repeated measures data, can be viewed as multilevel data, with repeated measurements nested
within individuals (Hox, 2010). However, at least three time points are required to model
patterns of change over time (Liu, 2016).

Multilevel analysis carried out in relation to travel behaviour falls into two categories of
approach (Lipps and Kunert, 2005). The first approach takes the hierarchy in the data into
account. Most of these studies focus on the relation between travel behaviour and spatial factors.
For example, Schwanen et al. (2004) investigated the impact of metropolitan structure on
commute behaviour of urban residents in the Netherlands. In this study, multilevel regression
was applied to allow for interdependencies among a variety of levels of analysis ranging from the
individual worker to the metropolitan region. The results show that the variation in mode choice
among individual workers within residential zones is much larger than the variation between such
geographical units. Another example comes from the work by Borgoni et al. (2002). They focused
on the influences of household characteristics and one regional variable on car ownership and
use and concluded that there exists some regional clustering of specific household types in
Austria. Klockner and Friedrichsmeier (2011) used a two-level structural equation model to
model the decision to use the car in contrast with alternative travel modes. This brief analysis
shows that the multi-level approach adds information about interactions between both the levels
and the amounts of variance present at each level.

The second approach regarding multilevel analysis accounts for repeated measurements from
longitudinal surveys with a nested structure at the individual or household level. In this way,
multilevel analysis helps understand the individual variation of travel behaviour. To the authors’
knowledge, the literature contains only one longitudinal study concerning household
interactions. Goulias (2000) used data from the first five waves of the Puget Sound Panel Survey,
the first general-purpose travel panel survey in the United States, which was in operation
between 1989-2002 and comprised 1,700 households. Goulias (2000) examined not only the
variation between persons and households, but also the variation in travel behaviour over several
years. The most important findings in the analysis are the large variance contributions by each
level and the lack of symmetry in change over time. Another example of the use of a time
variable in multilevel analysis is the study of Cherci and Cirillo (2008). They estimated a mode
choice model that accounts for systematic and random heterogeneity over individual preferences
and responses and correlation across individuals over three time periods. The results of that
study show that accounting for correlation between individuals in panel data improves model
results enormously. In another study, Cherci and Cirillo (2014) used a six-week travel diary
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survey to study the intrinsic variability in the individual preferences for mode choices, the effect
of long-term plans and habitual behaviour in daily mode choices. They found that there is a
strong inertia effect in mode choice that increases with (or is reinforced by) the number of times
the same tour is repeated.

3.2 Model specification

The multilevel framework allows us to investigate mode choice behaviour at different levels. In
this study, we decomposed the total variation in car use into variations at three different levels:
household level, individual level and tour level:

1. Tours form the first level at which the dependent variable (car use) is measured.

2. The second level is taken up by the individuals within the households.

3. The households represent the third level. This is the basic unit of demand in which
activities are organised, budgets and goods (for example, cars) are shared, similar
attitudes are prevalent and the socio-economic status of the members is generally
comparable (Lipps and Kunert, 2005).

We created explanatory variables for each level (see Table 1). These variables served to explain
the variation in car use between and within different individuals and households. Different
explanatory variables from the common group of determinants (individual and household
characteristics, attitudes and preferences, built environment and trip characteristics) and also
variables related to ICT use were tested. Only variables that showed a statistically significant
effect or variables that are related to household interactions were included in the final model. For
this reason, for example ICT use such as telework was excluded. Previous analyses with MPN
data showed a significant effect of ICT use on commuting mode choice (see Olde Kalter et al.,
2014). By contrast, ICT use is not a significant variable in the present study, probably because all
trip purposes were included.

Table 1. Explanatory variables for different levels

Level Explanatory variables
1 - Tours Purpose
Distance

Joint activity
Accessibility of destination
Same tour in 2013
Same tour in 2014
2 - Individuals PT season ticket holder
Car licence holder
Preference for cycling (for different purposes)
Changed working hours
Changed work location
Changed preference for car use
3 - Household Children <12 years in household
Car availability
Single-income or dual-income households

A multilevel model consists of a fixed part and a random part. The fixed part represents the
systematic relationship between the dependent variable and explanatory variables at different
levels. For example, at level 1 (tour level), car use may be affected by main purpose and distance.
At level 2 (individual level), variability in car use can be the result of differences in preference. At

3 We also examined a fourth level: municipality of the home location. Probably because of the small
number of households within each municipality, this level showed no significant effect and was
therefore omitted from the study.
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level 3 (household level) the focus is on differences between various household structures, for
example single-income or dual-income households. The random part allows for variation around
this fixed part (Bullen, Jones and Duncan, 1997).

Because our dependent variable is discrete, we specified a generalised linear model consisting of
a set of linear predictors and a nonlinear link function, with is typically a logit function in the
case of a binary response variable. The resulting model is the multilevel equivalent of the
traditional logistic regression or logit model. The level-1 model for mode choice of a tour 1k as
outcome variable and tour i nested in individual j and household k with one explanatory variable
Xij is of the general form:
i 1
Dijk = log <%) = Bojk + BjiXij g
ijk
No residual variance term is included for level 1 because the underlying probability distribution
associated with n;k is not normally distributed. For level 2, we specified an individual variable
Wik (individual j within household k):

Bojk = Yook + YorxWjk + ojk 2)
For level 3, we specified a household covariate:

Yook = Yooo + Yoo1Zk + Mook 3)

We also specified the tour level predictors as fixed at level 2 (Bijk=y10x) and individual-level
predictors to be fixed at level 3 (yoix=Yo10). The p-terms are (random) residual-error terms at the
individual and household level. These residual errors are assumed to have a mean value of zero.
Combining this information into a single equation gives:

Dijk = Yooo + Y100Xij + Yo1oWjk + Y0014k + Mook + Hojik 4

If there are no explanatory variables at the tour, individual and household level, Eq. (4) reduces
to:

Dijk = Yooo T Mook T Hojik ®)

This is the so-called intercept-only or unconditional model, where yooo represents the intercept at
household level, pook represents the household level random effect for the intercept, and pojx
represents the random effect for intercepts at individual level. The intercept-only model can be
used to produce an estimate of the intra-class correlation p. This parameter tells us if the
probability of choosing the car is generally more alike for household members than for non-
household members, which violates the assumption of independence of all observations (Hox,
2010). The intra-class correlation describes the proportion of variance that lies between
households and individuals (0%etween) relative to the total variance (0%etweent O2within). We can
define the intra-class correlation p of a logistic distribution, as follows (Hox, 2002; Hedeker, 2007):

m? ©)
3

To investigate the variation in car use at the household and individual level, we estimated
different multilevel models. We started with an intercept-only model (M1), to examine the extent
of variability of car use across individuals (level 2) and households (level 3). Next, we estimated a
full model with fixed and random effects at each level (M2). To gain a better understanding of the
interactions between household members within different household types, we estimated two
models. We selected all multiple-person households with single and dual incomes (M3), and
developed a separate model for dual-income households only (M4). As our main objective was to
examine to which extent interactions between household members affect car use, we also added a

2
Opetween

+

p:

2
abetween
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random ‘slope’ effect to the models to investigate the variation between households in the
influence of joint activity patterns on mode choice.

3.3 Data

The analyses in this paper are based on data from the first and second wave of the MPN. Socio-
economic attributes for households and their members were collected for each household
through individual questionnaires. Participants with a completed questionnaire were invited to
keep a three-day online trip diary for three successive days (including weekend days). The MPN
was set up to study short-run and long-run dynamics in the travel behaviour of Dutch
individuals and households, and to determine how changes in personal and household
characteristics and in other travel-related factors (for example economic crisis, reduced taxes on
sustainable transport or changes in land use) correlate with (changes in) travel behaviour. The
publication by Hoogendoorn-Lanser et al. (2015) contains a description of the overall set-up and
design of the MPN and of the philosophy behind the innovative design approach of the MPN’s
web-based diary.

In the present paper, home-based tours are the unit of analysis. All trips with home as starting and
end point form one tour. Every trip, called a trip segment, is considered one part of a tour. If one
or more trip segments are made jointly, with one or more other persons, we speak of a joint tour.
A joint tour can be made “fully joint’ (two or more persons travelling together, leaving home and
returning together) or “partly joint’ (two or more persons travelling together, but leaving home or
returning separately). A distinction is made between tours with household members and tours
with non-household members. Each tour is assigned a main purpose based on a hierarchy, in
which work has the highest priority, followed by education, shopping and personal services, and
social and leisure, after Stopher et al. (1996). Similarly, tours involving more than one travel
mode are assigned a main mode, which is the mode with the highest share of travel time.

Only ‘frequent’ daily trips were selected, which means that holiday trips, trips abroad and
occupational trips were excluded. Also, we only included individuals aged over 17 (the age at
which it is legal to drive a car in the Netherlands) in the analysis. From other analyses (see for
example Ho and Mulley, 2013), we know that travel mode choice and joint activities are very
different at weekends. Other research also shows that these differences cannot easily be captured
in one model by using weekday dummies (see Kloas and Kunert, 1994; Chlond and Lipps, 2000).
Therefore, we restricted our analysis to working days (Monday to Friday) and to persons who
reported at least one tour on one of these days. As we were interested in intra-household
interactions, we selected only ‘complete’ multiple-person households. ‘Complete’ means that each
household member completed the travel diary. This gave us the ability to distinguish between
tours accompanied by household members and tours accompanied by non-household members.
Finally, we selected all individuals who participated in the first and second wave. In total, we
used data from 514 households and 960 individuals. The final dataset consists of 3,266 home-
based tours in 2014 and 3,343 home-based tours in 2013. The 2104 dataset served as baseline in
the analysis.

Repeated tours may indicate a preference for specific travel modes (Yang and Timmermans,
2015). To examine the impact of repeating tours, two variables were constructed, namely a
variable that measures if the same home-based tour occurred in the previous year and a variable
that measures if the same home-based tour occurred on another day in the same year.
Furthermore, we constructed several ‘change’ variables to examine the effect of changes between
2013 and 2014 in individual, household and spatial characteristics. Several life events were also
included in the analysis.
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3.4 Sample description

Table 2 shows car use, according to the selected sample, by various tour and individual
characteristics. Of all home-based tours considered, 48 percent were made by car in 2014. The
average distance of a home-based tour by car is 33.9 kilometres. The average distance travelled
by public transport is 81.4 kilometres, and 4.7 kilometres for cycling or walking. The average
distance of all other modes together is 11.2 kilometres. Work and business tours have by far the
highest share of car use (60 percent), while fewer than half of all tours for other purposes were
made by car. This suggests that particularly in dual-income households with one car, where both
workers would like to use the car for commuting, agreements on car use are necessary. To
examine the impact of spatial characteristics, we used a variable commonly used in urban
planning in the Netherlands, representing the accessibility typology of trip destinations. (Hilbers
et al., 2005). Typology depends on the location relative to public transport facilities and access to
a highway (see Table 3). A-locations are easily accessible by public transport, regardless of their
distance to a highway, and consequently have the lowest share of car use (35 percent). C-
locations, not easily accessible by public transport but close to a highway, have the highest share
of car use. Furthermore, Table 2 indicates no great differences between 2013 and 2014 in tour and
individual characteristics, probably because of the relatively short time period. These changes are
therefore not used in explaining variation in car use.

Table 2. Car use by tour and individual characteristics

Level Variable Values 2013 2014
Home-based tour Distance tour (km) Mean distance car 349 33.9
(n=3,266) Mean other modes 114 11.2

Purpose tour (%) Work, business 64 60

Education 43 49

Shopping and personal services 50 47

Social and leisure 41 40

Accessibility of A-location 43 35

destination (%) B-location 52 53

C-location 55 54

D-location 48 43

R-location 50 49

Individual PT season No 62 56

(n=960) ticket holder Yes 31 32

Car licence holder No 13 10

Yes 58 54

Table 3. Typology of accessibility

Distance to highway <2 km Distance to highway >2 km

Distance to main railway station <3 km A A
Distance to secondary railway station <2 km B D
or metro <1 km

Other C R

Table 4 shows household characteristics of the sample. Of all households considered, 51 percent
always have a car available. This means that the number of cars in the household is the same as
or greater than the number of persons with a driving licence in the household. The majority have
no children younger than 12 years old. Single- and dual-income households have a higher share
of car use than no-income households (i.e. none of the household members have income from
paid employment or self-employment). Also, at the household level, we see hardly any
differences between 2013 and 2014.
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Table 4. Household characteristics (%)

Level Variable Values 2013 2014
Household Car availability Not always car available 47 49
(n=514) Always car available 53 51
Children <12 years No 70 71
Yes 30 29
Income type No-income household 25 25
Single-income household 27 30
Dual-income household 49 45

Joint-activity patterns

As our focus is the effect of household interactions on car use, we take a closer look at joint-
activity patterns. Table 5 compares individual and joint tours for different travel purposes. Most
work and business tours are individual tours (76 percent), whereas shopping and personal
service, and social and leisure tours are more likely to be joint tours. The latter two are also more
frequently undertaken with a household member (more than 30 percent), while educational tours
are more likely to be accompanied by non-household members (27 percent).

Table 5. Distribution of joint tours (%) by purpose in 2014

Tour type Work, business Education Shopping and Social and leisure
personal services

Individual 76 57 51 43

Fully joint with hh 1 13 23 17

Fully joint without hh 4 19 11 11

Partly joint with hh 9 3 9 16

Partly joint without hh 10 8 5 13

Figure 1 shows the share of joint tours by car. Most joint tours are made by car, with the highest
share for fully joint tours with a household member (64 percent). Individual tours are more
frequently undertaken by other means of transport. This suggests that travelling together and
joint activities increase car use. Fully joint tours have a larger share of car use compared with
partly joint tours, although the difference between fully joint tours with non-household members
and partly joint tours with household members is small.

INDIVIDUAL FULLY JOINT FULLY JOINT PARTLY JOINT  PARTLY JOINT
WITH HH WITHOUT HH WITH HH WITHOUT HH

Figure 1. Share of joint tours (%) by car in 2014
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Changes in individual, household and spatial characteristics and life events

The analysis presented in this paper concerns the 2013 and 2014 waves of the MPN. As this is a
relatively short period of time, there are no major changes in individual and household
characteristics at the aggregate level, as expected. For example, only 6 percent of the households
increased in size and about 4 percent had a lower income in 2014. The accessibility type of the
residential locations obviously didn’t change much for the sample either, although the perceived
accessibility of the living environment by car, public transport and bicycle on individual level
was more positive in 2014. The greatest changes occurred in the stated mode preferences.
Individual respondents were asked to state their preferred mode(s) of transport for specific trip
motives (i.e. commuting, business, school, shopping or leisure trips). Significant shifts in stated
preference are found for the car and bicycle modes. For example, 7 percent of the respondents
preferred the car for commuting trips in 2014 and didn’t in 2013. Also, 10 percent had a
preference for cycling to and from work in 2014 but did not in 2013. We see similar changes for
other trip purposes. To examine the influence of changing household interactions, we also took
the impact of different life events that are measured in the MPN into account (Figure 2). A change
in working hours, a new job and the birth of a child are the most frequent life events in the
selected sample for the period 2012-2014. Some life events are very rare, such as “household
member passed away’ and ‘divorced / broke up’.

CHANGING WORKING HOURS
CHANGING WORKING LOCATION
NEW JOB

BIRTH OF A CHILD

WORKING LESS HOURS

STOPPED WORKING

I MOVED OUT

WORKING MORE HOURS

STARTED EDUCATION / CHANGED SCHOOL
STARTED WORKING

HOUSEHOLD MEMBER MOVED OUT
STARTED LIVING TOGETHER
DIVORCED / BROKE UP

HOUSEHOLD MEMBER PASSED AWAY

Figure 2. Frequency of life events (%) in the selected sample in the years 2012-2014

4. Results

Table 6 lists the estimation results. The random variables in the intercept-only model (M1) show
that the intercept varies significantly across individuals as well as across households. The
significant degree of variation among individuals and among households justifies the application
of multilevel modelling (in this case, a three-level model). The intra-class correlation p for M1
shows that 23.4 percent of the variability of mode choice for home-based tours is between-
household variation and 14.5 percent is between-person variation.

Next, we estimated a full model with both fixed and random effects (M2). By adding explanatory
variables at each level (fixed effects), the variations between households and individuals on
average (random ‘intercept’ effects) and among households in the impact of joint activity patterns
on mode choice (random ‘slope’ effect) reveal some interesting results concerning household
interactions. First, we see that joint tours were more frequently undertaken by car compared with
individual tours. For partly joint tours with non-household members, car use is increased by
about 57 percent and for fully joint tours with household members, the odds ratio of using the car
is even about 4.2 times higher. For similar tours conducted in the previous year, car use was less
likely. This probably means that cyclists show stronger habitual behaviour than car drivers and
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may suggest less involvement of household members. Two life events have a statistically
significant impact on car use; both a change in working hours in 2012 and a change of work
location in 2014 decreased car use. These results indicate a delayed effect of changing working
hours on mode choice, whereas a change of work location immediately affects mode choice.
Furthermore, individuals who stated a change in commuting mode preference towards the car
for home-to-work trips were more likely to travel by car.

Variability among individuals accounts for 11.8 percent and variability among households
accounts for 23.4 percent of the total variation in mode choice of home-based tours. Compared
with the intercept-only model, random variation at individual level is slightly lower. This means
that the explanatory variables capture part of the behavioural differences in mode choice. The
random effects at household level show that the variation in mode choice among households
occurs because on average (i.e. random intercept) and because the impact of joint activities on
mode choice differs between households (i.e. random slope). The latter accounts for 13.0 percent
of the total variation in mode choice. This finding indicates that interactions between household
members, resulting in joint (or not) activity patterns, have significantly different outcomes for car
use.

Because work and business tours have a higher share of car use, we expected that particularly
dual-income households with one car need agreements on car use. Therefore, we estimated
separate models for single-income and dual-income households. Most interestingly, the
household random effect shows no significant effect for the intercept when only single-income
and dual-income households are selected (M3). This indicates that for multiple-person
households with single or dual incomes, the variability between individuals is much greater than
the variability between households, and hence interactions between household members have a
larger effect on mode choice. The variation between households in the effect of joint activity
patterns on mode choice is still significant and accounts for 13.6 percent of the total variation.
Shopping and personal services and preference for shopping trips have an insignificant
coefficient in model M3, probably because single-income and dual-income households have less
time for these activities compared with households without paid jobs (e.g., retired, unemployed).
Partly joint tours with non-household members also have an insignificant coefficient in model
M3. This confirms the finding that in single-income and dual-income households, interactions
with household members have a larger effect on mode choice. The fixed effects for other types of
joint tours are still significant, although the magnitude is smaller than in model M2.

The next model shows the fixed and random effects for dual-income households only (M4). In
this model, the household level accounts for 17.2 percent and the individual level for 16.2 percent
of the total variation in car use. Compared with model M3, dual-income households show more
variation in mode choice between households than between individuals. This larger variation
between households is fully explained, and is greater than in model M3 as a result of the random
‘slope” effect of joint activity patterns. This indicates that in dual-income households, interactions
between household members have a greater impact on car use. In addition, dual-income
households show larger fixed effects for the accessibility of the destination. This means that
accessibility determines the odds ratio of using the car for a home-based tour to a greater extent
and suggests more household interactions. On the other hand, the magnitude of the fixed effects
for joint tours is smaller in model M4 and only significant for fully joint tours with household
members. This indicates less coordination between household members and is not according to a
priori expectation, as we hypothesised that joint tours with household members would suggest
stronger intra-household interactions. Repeating tours, life events and changing preferences
show the same effect compared with model M3.
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Table 6. Binary choice modelling results

Multiple-person households

All hh All hh Single-income  Dual-income
and dual hh
income hh
M1 M2 M3 M4
Parameters Exp(B) Sign. Exp(B) Sign. Exp(B) Sign. Exp(B) Sign.
Fixed part
Intercept 1.016 0.822 0.123 0.000  0.107 0.000  0.130 0,010
Purpose tour Social and leisure 0.442 0.000 0412 0.000 0.341 0.000
(work=reference) Shopping, personal 0.656 0.030 0.783 0251 0.799 0.396
Education 0.339 0.003  0.385 0.019 0.404 0.068
Distance tour 1.019 0.000 1.016 0.002 1.017 0.002
Joint activity Partly joint without 1.571 0.030 1.388 0149 1.227 0.459
(individual=reference) hh
Partly joint with hh 2.149 0.000 2.017 0.001 1.491 0.136
Fully joint without 2.742 0.000 2177 0.001  1.585 0.131
hh
Fully joint with hh 4179 0.000  4.002 0.000 4.218 0,000
Accessibility R-location 2.094 0.019 1.966 0.049 3.067 0.013
destination D-location 1.648 0103  1.527 0.203 2372 0.047
(A-location=reference) C-location 2.537 0.004 2.986 0.002 3.851 0.002
B-location 2.283 0.006 2191 0.019 3.368 0.004
PT season ticket 0.464 0.000 0.344 0.000  0.307 0.000
Car licence holder 7.050 0.000  9.867 0.000 7.181 0.000
Preference for cycling Work trips 0.561 0.000 0479 0.000  0.452 0.000
Business trips 0.549 0.080 0.519 0.051 0.584 0.148
Daily grocery trips 0.571 0.000  0.582 0.000 0.674 0.032
Shopping trips 0.741 0.034 0.768 0.104 0.732 0.106
Always car available 2.935 0.000 2509 0.000 2375 0.000
Children <12 yr in hh 0.750 0.071  0.740 0.064 0.824 0.350
Income household Single income 0.953 0.825
(no income=reference) Dual income 0.996 0.986  1.003 0.984
Same tour in 2013 0.638 0.001  0.682 0.009 0.619 0.008
Same tour in 2014 0.814 0.093  0.824 0.157  0.805 0.203
Changing In 2014 1.070 0.755 1134 0581 0.786 0.366
working hours In 2013 0.842 0444 0.862 0.520 0.704 0.149
In 2012 0.379 0.012  0.383 0.017  0.304 0.005
Changing In 2014 0.559 0.017  0.581 0.031 0.585 0.053
work location In 2013 1.258 0394 1.253 0401 1.589 0.118
In 2012 0.766 0.623  0.755 0.603  0.994 0.992
Changing  preference For work trips 2.000 0.019 2175 0.009 1.767 0.103
car
Random part
Level 1 - between tours 1.000 1.000 1.000 1.000
Level 2 - between indiv. 0.765 0.000  0.598 0.001  0.937 0.000 0.798 0.004
Level 3 - between hh 1.239 0.000 0524 0.008  0.159 0453  0.029 0.903
Level 3 - joint activity 0.662 0.000  0.667 0.001  0.849 0.002
N (tours) 3266 3266 2.496 1.575
p (level 2) 14.5% 11.8% 19.1% 16.2%
p (level 3) 23.4% 23.4% 13.6% 17.2%
Correctly predicted 83.2% 87.8% 87.5% 87.3%

5. Conclusions and future research

The main objective of this study was to explore the influence of household interactions on car use
for home-based tours, using data from the first two waves of the MPN. We estimated multilevel
binary logit models to investigate to what extent relations between household members affect car
use. We created a set of explanatory variables for three different levels, namely the household,
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individual and tour level. These variables were used to explain variation in car use between and
within these levels (i.e. random effects and fixed effects). We added repeating tours in the same
and previous year and life events to the model to analyse the impact of changes in household and
individual characteristics over time on car use.

The results show that variation in mode choice can be explained by variability between
household and individuals and justifies a multilevel modelling approach. Variability between
households and individuals accounts for about one third of the total variation in mode choice of
home-based tours. The first important conclusion is, therefore, that multilevel analysis is able to
add knowledge about intra- and inter-household variation in car use. Joint tours are more
frequently undertaken by car than individual tours and the impact of joint activities on mode
choice differs between households. This finding indicates that interactions between household
members, resulting in joint (or not) activity patterns, have significant different outcomes in terms
of car use. For dual-income households only, the variability between individuals is greater than
the variability between households. This indicates that intra-household interactions have a
greater effect on car use in dual-income households, probably because there are more aspects to
consider that impact car use (for example, having two work locations instead of one, with
different accessibility types). Different explanatory variables show a significant impact of
household interactions on car use. Firstly, fully joint tours form the strongest predictor in a given
situation: if somebody travels together with a household member, he or she is much more likely
to use the car. The purpose of a trip is another significant predictor. Work and business tours
have a higher likelihood of car use. This is confirmed at the individual level, where fulltime
workers are more likely to use the car. This implies that in the case of two or more employees in a
one-car-household, decisions have to be made about who gets to use the car. Furthermore, the
results indicate a delayed effect of changing working hours on mode choice, whereas a change of
work location immediately affects mode choice.

The results provide us with a better understanding of intra- and inter-household interactions and
their impact on car use. Policy makers should take into consideration that in multi-person and
specifically in dual-income households, car use is more strongly affected by relationships
between household members. For example, encouraging specific types of commute mode change
is not just about commuting distance at the individual level. Decisions on car use also depend on
agreements about who will take the children to school before going to work, who will do the
groceries after work or commuting distance of the spouse.

There are several directions for future research. A first direction is to widen the scope of the
analysis. For example, the models can be expanded with interaction effects, mode choice
alternatives, and other random ‘slope’ effects or can be evaluated for different distance classes.
Another worthwhile extension of the analysis could be to include explanatory variables
representing features of one or more household members, such as commuting distance of the
spouse or parallel activities. As stated before, it would also be interesting to focus on home-based
work tours, to determine if other variables such as ICT use are significant. Finally, analysing
more dimensions than only mode choice, for example tour distance, travel time and activity
duration, would be a challenging and interesting task for future research. A second direction for
future research is to examine the dynamics in household interactions over a longer time period
and the influence of these changes on mode choice behaviour. It is intriguing that we found
already significant temporal effects when analysing only two waves; once data for subsequent
years become available, more sophisticated panel analyses can be conducted. Within the
multilevel approach, this means that repeated measures nested within individuals can be added
to the model specification. Van Acker and Witlox (2010) raised the question whether car
availability is just a predictor of car use or a result of a decision-making process itself. Exploring
this kind of causal relations in both research directions using panel data is a third interesting
research topic for the future.
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