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Abstract
Travel demand models regenerate the travel behavior of persons or households from scratch at every model run. However,
the literature suggests that travel behavior remains relatively stable over time. Change in travel behavior is triggered by life
events such as change in employment, household relocation, or birth of a child. The inability of existing travel demand models
to represent habitual travel behavior and change in travel behavior of a person/household becuase of life events tends to
exaggerate policy sensitivity and result in longer model run times to recreate travel behavior for every agent. In this study,
we examined the travel behavior of persons between two consecutive years using a mobility panel survey from Germany.
The travel behavior of persons with and without a life event is compared econometrically. Here, the travel behavior is mea-
sured as the number of weekly trips by activity type and mode and the impacts of six types of life events are studied. The
results show that life events affect travel behavior, but the degree of impact varies by the type of life event, the trip purpose,
and the mode. In some cases the impact is found to be negligible, but for many other cases the impact is profound.
Moreover, general trends (not affected by life event) in travel behavior are also found. It is concluded that such dynamics in
travel behavior should be represented by travel demand models for more sensible policy testing and computationally efficient
travel demand models.
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Traditional travel demand models recreate travel beha-
vior from scratch every time the model runs. If a trans-
port policy is tested at time t + 1, the entire population
adjust their travel behavior in the model immediately
while taking into account the effects of this new policy.
In reality, however, the impact of new policies is gradual,
because travel behavior is fairly stable over time and typi-
cally changes incrementally.

Travel behavior may differ a lot from day to day (1),
but it does not change dramatically from year to year (2,
3) because of the habitual nature of travel. Consumers are
less likely to change their habits in stable environments,
and interventions to change their habits are more likely to
influence in cases where consumers environments are also
changing (e.g., household relocation) (4, 5). Verplanken
et al. found that highly environmentally concerned uni-
versity employees who moved residence used cars less fre-
quently, or more frequently used environmentally friendly
travel modes, to commute to university than employees
who did not move residence or had low environmental

concern (5). Life events, such as household relocation,
graduation from school, change of job, birth of a child,
and so forth, may change travel behavior fundamentally.
But for most agents, such changes are rare. Even more, a
policy scenario testing, for example, a toll road, does not
have any influence on such life events. Conceptually, it is
much simpler to recreate travel demand from scratch
every time the transport models run. But it ignores habi-
tual behavior, and thereby, exaggerates policy sensitivity.

Context

The long-term vision of this research is to build a trans-
port model that covers travel of an entire week and

1University of Toronto, Toronto, Ontario, Canada
2Technical University of Munich, München, Germany

Corresponding Author:

Usman Ahmed, um.ahmed@mail.utoronto.ca

us.sagepub.com/en-us/journals-permissions
https://doi.org/10.1177/03611981231159863
https://journals.sagepub.com/home/trr
http://crossmark.crossref.org/dialog/?doi=10.1177%2F03611981231159863&domain=pdf&date_stamp=2023-04-03


adjusts travel behavior incrementally. The travel beha-
vior of each agent shall be copied from the previous year
and updated if:

� Major socio-demographic attributes have changed:

If socio-demographic attributes changed (such as
marriage or birth of a child), the travel behavior
will be recalculated.

� Major travel destinations opened: If the zonal num-
bers for population and employment by type did
not change much, it is assumed that the size and
quality of travel destinations by zone did not
change much. However, if the numbers changed
compared with the base year by more than a
threshold share, the travel behavior is recalculated
for all agents that live, work, or go to school in
the catchment area of the changed zone. This trig-
ger needs to be weighed by distance. A smaller
grocery store may affect travel destinations in the
neighborhood. A large shopping mall will have a
much larger radius within which travel behavior
will be recalculated.

� Travel times changed substantially: Travel times
between all origin/destination pairs are recalcu-
lated every simulated year. As travel behavior is
adjusted incrementally, travel times for most ori-
gin/destination pairs will remain more or less
unchanged. If, however, congestion worsens or
improves substantially or if new infrastructure is
added or new transport policies change congestion
levels, travel times may change substantially.
Whenever the travel time of an agent from home
or work or place of education to any other desti-
nation changes significantly (threshold is yet to be
defined), the travel behavior for that agent will be
recalculated.

� Stochastic choice applies: A few agents will be
selected randomly for recalculation of their travel
behavior to acknowledge that some agents may
change their behavior for reasons not represented
in the model.

By updating the travel behavior only after significant
changes occurred to the household, the built environ-
ment or the network, changes in travel behavior, and
thus, changes in levels of congestion, will be gradual (6).
It is expected that simulating an incremental change to
observed travel behavior is more realistic and signifi-
cantly reduces runtimes compared with recreating travel
behavior from scratch every time the model runs. It is
further expected that logit models used to model the
incremental adjustment of travel behavior require smaller
constants than traditional models, and thereby, improve
scenario sensitivity.

Similarly, the traffic assignment may be conducted
incrementally. This idea was described by Wegener (7),
where individual vehicles are added and removed from
the network, while most vehicles remain unchanged. The
assignment differs from behavioral choice models as
agents typically select the shortest path based on an
impedance function. Given that the path choice of one
agent affects the travel times of many other agents,
assignments typically run iteratively, resulting in longer
runtimes. Unpublished work with MATSim conducted
at the Technical University of Berlin has shown that an
incremental assignment is possible if agents are main-
tained from year to year. It is expected that adjusting the
assignment incrementally will substantially speed up this
model step, as only those who are new agents or those
who have changed their travel behavior need to find new
paths in the assignment step. A user equilibrium should
be found within a very few iterations, and thereby save
model run time substantially.

As a first step, we analyzed the impact of life events
on travel behavior changes, which is presented in this
paper. This analysis is a first step for a transport model
that updates travel behavior incrementally.

Literature Review

Socio-demographic attributes may explain in part the
level of travel behavior variability (8). For example,
unemployed people were found to have higher variability
in their travel behavior. Typically, travel behavior is ana-
lyzed with cross-sectional survey data. Jones and Clarke
provided evidence that multi-day data are needed to
understand mechanisms behind travel behavior (9).
Buliung et al. found that weekday-to-weekday travel
behavior is more stable than weekday-to-weekend travel
behavior (10). Therefore, a week-long travel behavior
evaluation eliminates the fluctuations typical for given
days of the week. Although a seven-day analysis does
not represent all variations of an individual’s travel beha-
vior, it does capture a reasonable sampling typical daily
travel patterns (11). Tarigan and Kitamura analyzed a
six-week survey and found that particularly the number
of leisure trips over a week affect the variability of an
individual’s travel behavior (12). The relative stability of
week-long transit travel behavior was confirmed by Cui
et al. (13).

The seminal study by Zahavi compared survey data
from multiple metropolitan areas in the U.S. and con-
cluded that travel time and travel expenses are relatively
inelastic across different study areas (14). Although this
finding strictly speaking does not confirm the hypothesis
that individuals’ travel behavior is constant, Zahavi’s
work provides evidence that travel behavior is relatively
stable. It should be mentioned that some studies question

Ahmed and Moeckel 595



the validity of Zahavi’s constant budgets (15–17).
Mokhtarian and Chen explain, however, that travel time
budget studies vary widely in relation to resolution
(aggregate or disaggregate), modes included, unit of
analysis (traveler, person or household), and statistical
approach (Poisson regression, system of equations or
survival analysis), which may affect the level of stability
found (18).

Murakami and Watterson analyzed travel behavior of
households in the United States using the Puget Sound
Transportation Panel (PSTP) survey (19). The first and
second waves of the survey were conducted in 1989 and
1990, respectively. Contrary to some of the studies
described above, which found that travel behavior
remains relatively stable, Murakami and Watterson
found a slight reduction of household person trips
between the two years (19). A larger increase in the aver-
age number of home-based work and non-home-based
trips was found for people who changed their work loca-
tion than people who remained at their workplace. For
households who changed their residential location, a
larger increase in home-based work trips and decrease in
home-based other trips was found as compared with
households who did not relocate.

For simpler transport analyses, traditional aggregate
trip-based transport models are often sufficient (20). Many
advanced analyses, however, require an agent-based repre-
sentation of travel (21). Examples include modeling auton-
omous vehicles (AVs), ride-hailing, ride-pooling, demand
responsive transport (DRT), urban air mobility (UAM),
electric mobility, user-specific pricing systems, policies for
peak-spreading, equity analyses, and others.

In response, activity-based models were designed to rep-
resent travel behavior at the agent level. In such models,
the travel itself is not modeled as a motivation, but rather
the desire to carry out activities at different locations
(22–24). Several activity-based models were built in
response (such as ActivitySim, ADAPTS, ALBATROSS,
CEMDAP, CT-RAMP, FEATHERS, actiTopp,
MOBi.plans, SimMobility or TASHA) that have greatly
improved the ability to analyze scenarios (25). actiTopp
even models weekly travel plans (26). Nevertheless, only a
minority of transport modelers uses activity-based models
today. The vast majority continues to use aggregate trip-
based models, ignoring many of their limitations (27).

As powerful as activity-based models are, they typi-
cally carry three substantial limitations. Most activity-
based models work with many and comparatively large
constants. Discrete choice models (28, 29) are the back-
bone of activity-based models. Such models are estimated
and calibrated to reflect observed tour generation, desti-
nation choice, tour mode choice and trip mode choice,
intermediate stops, and time-of-day (30). Although these
models represent observed travel behavior very well, they

often depend on relatively large constants in activity-
based models. Many and large constants help to match
observed data, but they limit the model’s policy sensitiv-
ity. Second, most activity-based models suffer from sub-
stantially longer runtimes (20). And finally, just as their
trip-based counterparts, activity-based models forget
travel decisions of previous years and recreate travel
behavior from scratch in every simulation period.
Thereby, habitual travel behavior (31) and attitudes (32,
33) are ignored.

Method

To explore econometrically the stability of travel beha-
vior over time, panel data were analyzed. The German
mobility panel (MOP) dataset provides week-long travel
behavior data since 1994 on a yearly basis. The same 500
households are asked to fill in a travel diary survey three
years in a row. The travel diary covers an entire week
with seven days. Data for the most recent nine years,
from 2010 to 2018, were chosen to reduce the long-term
change in travel behavior resulting from increasing
income and declining household sizes. The sample size
over the last nine years is 6,922 households with 11,562
persons. However, after cleaning the data for missing
records and inconsistencies, the final dataset used for
analysis contains 4,043 households with 6,508 persons.

Travel behavior is likely to change from day to day,
but the literature review suggested that the week-long
average is comparatively stable (3). This dataset covers
an entire week of travel, which helps to identify changes
that are triggered by life events rather than random dif-
ferences from one day to the next. This longitudinal data-
set allows us to describe the stability in travel behavior
over time as well as the disruptive effect of life events on
travel behavior. This paper focuses on the analysis of
week-long stability of travel behavior from year to year.
Average change, standard deviation and outliers are ana-
lyzed econometrically.

Travel Behavior

In this study, we consider travel behavior as the number
of trips by activity type and mode. The activity types
considered are work, education, shopping or errands, lei-
sure or hobby, pickup or drop-off, recreational round
trips, and other. Four travel modes are distinguished,
including walk, bicycle, car, and public transport. The
travel mode car includes car as a driver, car as a passen-
ger, moped, and motor bikes. The travel mode public
transport includes city bus, long-distance bus, light rail,
subway, and regional and long-distance trains. The
change in travel behavior is considered as the difference
in total weekly trips between two consecutive years.
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Life Events

Many life events potentially affect the travel behavior of
households and persons. In this study, we considered six
life events that we were able to detect in the panel data.
These events are change in employment status of a per-
son, change in household size, change in household
income, birth of a new child, change in household car
ownership, and household relocation.

The MOP dataset collects employment information of
a person including categories such as full-time, part-time,
homemaker, and retired. We categorize employment as
Employed and Unemployed. The employed category
contains full-time and part-time workers, and the rest of
the categories are grouped as unemployed. The travel
behavior of persons with change in employment status
from employed to unemployed or unemployed to
employed is compared with persons who remain
employed or unemployed over two consecutive years.

The variable household size is collected as the total
number of people living in a household. The travel beha-
vior of households whose size increases or decreases
between the two consecutive years is compared with
households with a constant household size.
Unfortunately, the dataset does not allow us to identify
unambiguously if a household lost one person and added
another person in the same year. This occurrence is
assumed to be rare and part of the category constant
household size. The birth of a child can be identified
without doubt and is compared with households that did
not have a newborn added to the family.

The change of car ownership refers to the change of
number of cars permanently available to a household
and is represented by four categories. These categories
are car ownership increased, decreased, remained the
same, and remained car-free between two consecutive
years. The data do not allow us to detect if a household
replaced a car, but this change presumably has limited
impact on the number of trips. Replacing a car is there-
fore captured in the category car ownership remained the
same. Finally, the household relocation status describes
whether a household relocated or remained at their loca-
tion between the two consecutive years.

Whereas life events are household events, the travel
behavior is analyzed at the person level. Although most
transport models in North America work at the house-
hold level, most models in the UK work at the person
level. Pokhrel found no substantial difference in model
fit between person and household level (34). The person
level was chosen here to detect shift of trip-making
between household members. A household may experi-
ence a single life event, multiple life events, or no
recorded life event between two consecutive years. Table
1 shows persons by number of life events experienced by
their household. About 18% people experience a single

life event and around 6% people experience more than
one life event, as shown in Table 1.

In this study, we compared the travel behavior of peo-
ple with no life event with people with a single life event.
Multiple life events were excluded from the analysis, as it
would be impossible to detect which specific life event
triggered travel behavior change to which degree. The
number of observations with multiple life events is too
small to explore econometrically, at least when specific
life event combinations (such as birth of child + reloca-
tion) are explored. Therefore, as a first step, we only con-
sider mutually exclusive life events.

Results

The change in travel behavior is considered as the differ-
ence in total weekly trips between two consecutive years.
The change in weekly trips by activity and mode in
response to the life event change of employment is pre-
sented in a series of boxplots. Figure 1 shows change in
weekly work trips by four categories of employment sta-
tus. The cross symbol in each boxplot shows the sample
mean, whereas the dot symbol shows the weighted mean
using expansion factors from the survey data. The x-axis
of Figure 1 also shows the sample size in each category
of employment, including the weighted mean value. In

Table 1. Summary of Life Events Between Two Consecutive
Years

Number of Life Events Persons Proportion

0 5,404 54.8%
1 3,275 33.2%
2 876 8.9%
3 237 2.4%
4 56 0.6%
5 9 0.1%
6 2 0.0%

Figure 1. Change in weekly work trips by employment status.
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this study, we consider six life events and eleven types of
travel behavior change, which results in sixty-six figures
representing change in trips by activity, mode, and life
event. In this paper, we only present selected results for
employment status in boxplots, and all other analyses
are shown with weighted averages in Tables 2 and 3.

Life Event: Employment Status

Figure 1 shows that the change of weekly work trips is
greater for people who changed their job status (i.e.,
started a job or became unemployed) than for people
who stayed either employed or unemployed. For people
who got employed from an unemployed status, the
weekly work trips increased with a population-weighted
average of 1.7 trips. The boxplot (fourth boxplot in
Figure 1) is above zero, showing that 75% of all these
persons increased their number of weekly work trips
after starting a job. There are a few people, however,
who conducted fewer work trips than the year before.
These are cases where people might have done many job
interview trips and trips to the unemployment office
(which are counted as work trips) while being unem-
ployed. The week they reported their trips after starting
a job might have been a week where they were on sick
leave or taken paid time off.

Similarly, people who became unemployed reduced
the weekly work trips with a population-weighted aver-
age of 21.8 trips, shown in the second boxplot in Figure
1. Again, 75% of those reduced the number of work
trips, but a few have conducted more work trips possibly
to attend job interviews. The weekly work trips remained
relatively stable where people remained either employed
or unemployed. The variation for people who remained
employed is larger than for people who remained unem-
ployed, as employed people typically do many more work
trips than unemployed people, providing more room to
change the number of weekly work trips. As expected,
the largest variation in weekly work trips is found for
people who changed employment status between two
consecutive years. The outliers in Figure 1 might be the
result of non-typical weeks when the respondents were
surveyed.

Figure 2 shows a very small increase in education-
related trips when a person becomes unemployed, proba-
bly as a result of starting training or going back to
school. For the other employment status cases, the num-
ber of education trips remained rather stable. This is not
surprising, as most people who are employed or unem-
ployed (but not students) do not conduct education-
related trips. Weekly trips for shopping or errands
(Figure 3) are also affected by a change in employment

Table 2. Weighted Average Change in Weekly Number of Trips by Purpose and Life Event

Work
trips

Education
trips

Shopping/errand
trips

Leisure/hobby
trips

Pickup/drop-off
trips

Other
trips

Recreational
round trips

Car ownership
Zero 0.089 20.087 20.228 20.273 20.026 0.265 0.015
Remained same 20.05 20.024 20.17 20.28 0 0.163 20.005
Increased 20.157 0.042 0.04 0.278 20.051 0.15 20.213
Decreased 20.383 20.38 20.666 20.194 20.189 20.012 20.007

Household size
No change 20.027 20.035 20.18 20.278 20.004 0.18 20.002
Increased 0.098 20.028 20.983 21.144 1.066 0.059 20.427
Decreased 20.129 20.011 20.343 20.321 0.05 0.087 0.09

Child birth
Child born 20.026 20.19 20.363 20.246 20.245 20.202 0.016
No child born 20.027 20.035 20.18 20.278 20.004 0.18 20.002

Household move
Relocation 0.371 20.244 20.068 20.226 20.064 0.306 20.433
No relocation 20.027 20.035 20.18 20.278 20.004 0.18 20.002

Employment status
Employed 20.08 20.003 20.197 20.193 20.028 0.155 20.025
Employed to unemployed 21.57 0.25 0.066 20.479 0.233 0.485 20.294
Unemployed 0.021 20.064 20.164 20.355 0.017 0.202 0.02
Unemployed to employed 1.835 20.748 20.491 20.522 0.01 0.143 0.021

Household income
No change 20.027 20.035 20.18 20.278 20.004 0.18 20.002
Increased 0.062 20.11 20.55 20.159 0.048 0.271 0.029
Decreased 20.078 20.059 20.054 20.366 20.117 0.139 0.036

Total* 20.04 20.081 20.222 20.283 20.025 0.185 20.003

*
Includes total population with and without life event as shown in Table 1.
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status. The weekly shopping or errands trips decreased
for persons who started a job and increased for those
who became unemployed. There is also a small reduction
of shopping/errands trips for persons who remained
employed or unemployed, which possibly represents an
increasing trend toward online shopping (35). Similar
trends are observed for leisure or hobby trips, as shown
in Figure 4. However, about half of the respondents
reported a reduction in leisure/hobby trips after the
employment status changed from employed to

unemployed. This might be related to the reduction of
disposable income, which might limit leisure activities of
some people who became unemployed. Their variation of
change in weekly trips is higher than for other categories
of employment status, indicating a heterogeneous impact
of becoming unemployed on leisure trips (Figure 4).

Figure 5 shows change in weekly pickup or drop-off
trips by employment status. Those who became unem-
ployed tended to do more pickup and drop-off trips as
compared with those who started employment. Those

Table 3. Weighted Average Change in Weekly Number of Trips by Mode and Life Event

Walk trips Bicycle trips Car trips Transit trips

Car ownership
Zero 20.204 0.161 20.003 20.155
Remained same 20.111 0.044 20.279 20.011
Increased 20.192 20.38 1.055 20.361
Decreased 20.907 0.018 20.794 20.202

Household size
No change 20.127 0.064 20.233 20.036
Increased 21.564 0.086 0.664 20.524
Decreased 0.071 20.105 20.513 20.094

Child birth
Child born 0.251 20.472 21.074 0.077
No child born 20.127 0.064 20.233 20.036

Household move
Relocation 20.493 0.274 20.053 20.106
No relocation 20.127 0.064 20.233 20.036

Employment status
Employed 20.191 0.122 20.248 20.038
Employed to unemployed 20.123 20.473 20.68 20.04
Unemployed 20.069 0.011 20.219 20.033
Unemployed to employed 0.183 0.45 20.249 20.144

Household income
No change 20.127 0.064 20.233 20.036
Increased 20.031 0.03 20.318 20.116
Decreased 20.052 20.141 20.305 20.006

Total* 20.124 0.002 20.263 20.08

*
Includes total population with and without life event as shown in Table 1.

Figure 2. Change in weekly education trips by employment
status.

Figure 3. Change in weekly trips for shopping or errands by
employment status.
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who remained employed marginally decreased the num-
ber of pickup/drop-off trips, whereas those who remained
unemployed by and large did not change travel in this
category, with the exception of some outliers (Figure 5).
Recreational round trips, such as going for a run or tak-
ing the dog for a walk, are remarkably stable for all
employment status categories, as shown in Figure 6.
Other types of trips, such as visit a doctor, visiting a
friend, or going to a bank (Figure 7) were relatively stable
with a small trend to increase the number of trips for all
employment status categories. The variation in weekly
other trips is slightly higher for those whose employment
status changed from employed to unemployed (Figure 7).

Next we looked at the impact on mode choice, repre-
sented as number of trips by mode and change in
employment status. Figures 8 and 9 shows the impact of
employment status change on change in weekly car and
public transport trips. Figure 8 shows that the change in
weekly car trips remains relatively stable, even though
there is quite some spread in change of car trips. Car
trips are made to fulfill many activities, including work.
Although people may conduct more or fewer car trips
from one year to the next, change of employment status

appears to be a poor predictor for number of car trips.
Similar results are found for public transport trips
(Figure 9), which remained rather stable in response to
change in employment status with even less variation
than for car trips.

The change in weekly trips by active transport modes
is shown in Figure 10 for walking and Figure 11 for
cycling. Those who started employment increased the
number of weekly walk trips than other categories of
employment status (Figure 10). Work trips tend to be
the longest trips, making walking less likely and reducing

Figure 4. Change in weekly leisure/hobby trips by employment
status.

Figure 5. Change in weekly pickup/drop-off trips by employment
status.

Figure 6. Change in weekly recreational round trips by
employment status.

Figure 7. Change in weekly other trips by employment status.

Figure 8. Change in weekly car trips by employment status.
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the time window for other walk trips. The variation in
weekly bicycle trips is very small. Figure 11 shows a
small increase in weekly bicycle trips when a person
becomes employed and decrease when a person becomes
unemployed. In Germany, 11% of all trips are done by
bike, and 18% of commute trips are cycled (36).

Life Event: Car Ownership Status

The car ownership status distinguishes whether a house-
hold does not own a car, the number of cars remained

the same, increased or decreased between two consecu-
tive years. Table 2 shows a decrease in weekly work trips
with a decrease in number of cars owned by a household.
This is likely caused by some workers not driving home
in the lunch break and other workers opting for working
from home after reducing the number of cars. The causal
relationship might also be that some people sold a car
after working from home became possible. For other
categories in car ownership the change in work trips was
marginal. Work trips are trips and car ownership is likely
to influence the mode of commute trips but less the num-
ber of work trips. The impact of the car ownership status
is very similar to commute trips for education trips, trips
for shopping and errands, leisure trips, and trips to pick
up or drop off others. Recreational round trips and other
trips are barely affected by the car ownership status.

Table 3 shows the impact on trips by mode of trans-
port subject to a change in car ownership status. As
expected, weekly car trips tend to increase with an
increase in car ownership, whereas trips by other modes
clearly decrease on the average. With the decrease in car
ownership, weekly car trips tend to decrease whereas
bicycle trips tend to increase. We would like to highlight
here that car ownership is a household variable and the
trips are person trips. Therefore, it is important to note
that a car might not be available to all members of the
household, and some household members might not
even have a driver’s license.

Life Event: Household Size

The change of household size is caused by several rea-
sons, including a child leaving the parental household, a
household member passes away, or the birth of a new
child. Unfortunately, the panel data did not allow us to
determine the reason for the change in household size.
Although birth of child could be analyzed as a separate
event, the other events that cause a change in household
size could not be intensified unambiguously. Therefore,
all events that affect the household size were taken as a
single life event change of household size.

Table 2 shows that the impact of a household size
change on work and education trips is minor. Weekly
shopping and errand trips were reduced by a similar mar-
gin as shown in the employment status in Figure 3, and
likely reflect the general trend in reduction of shopping/
errands trips in this longitudinal dataset. Weekly leisure
or hobby trips increased if the household size dropped in
two consecutive years. This might reflect additional free
time after a child moved out or a relative passed away
that might have needed care. Weekly pick up or drop-off
tended to increase the most with increase in household
size, most likely caused by the need for daycare after giv-
ing birth to a child. Other types of trips tend to be

Figure 9. Change in weekly public transport trips by
employment status.

Figure 10. Change in weekly walk trips by employment status.

Figure 11. Change in weekly bicycle trips by employment status.

Ahmed and Moeckel 601



relatively stable and were not notably affected by a
change in household size.

Table 3 shows that weekly walk trips tended to
decrease with an increase in household size and vice
versa, whereas car trips show the opposite pattern. This
might reflect the additional coordination needed in larger
households, which sometimes might be easier to accom-
plish by a car. Many walk trips might be leisure or
hobby trips which show a similar trend (Table 2). Bicycle
trips tend to increase with a growth in household size
and decrease with a reduction in household size.

Life Event: Child Birth

The impact of the birth of a child on travel behavior was
expected to be substantial, and was therefore analyzed as
a separate set in addition to change of household size.
Overall, Tables 2 and 3 show a decrease in most of the
weekly trips by trip purpose and travel mode. For exam-
ple, there is a reduction in weekly work and education
trips possibly as a result of parental leave, which is paid
up to 14months in Germany. However, variation in
weekly work trips (based on the boxplots not shown in
this paper) is higher than weekly education trips, indicat-
ing that there is a wide range of reaction to the birth of a
child. Weekly trips dropped by all modes except public
transport, as shown in Table 3. There is also more varia-
tion in weekly trips by car than by public transport
observed in the data.

Life Event: Household Relocation

Household relocation is based on the survey question
whether the household relocated from one year to the
next. Table 2 shows that weekly work trips tend to
increase with household relocation. Moving closer to a
workplace location often is a driver of household reloca-
tion (37), and the new housing location might be more
convenient for more frequent trips to work. Education
trips, on the other hand, dropped after relocation. This
might have been caused by students who graduate and
move to another place to start their first job. Leisure and
hobby trips dropped whereas other trips increased, possi-
bly related to many trips after a move to set up the new
home. We further attempted to analyze the direction of a
move (distinguishing moves between cities, suburbs, and
rural areas). However, the number of households moving
from one area type to another was very small at 7%.
Unfortunately, there were some inconsistencies in the
data where a different area type was coded for the same
household in two years but the relocation attribute was
set to false. The actual location of a household was not
disclosed for privacy protection. We were not able to
sort out this inconsistency, which might be caused in part

to area types changing over time and in part to incorrect
responses in the survey. To reduce this uncertainty, we
did not explore the attribute area type further.

Weekly walking trips (Table 3) tended to drop with
household relocation. There is a lot of variation in
change of weekly car trips (probably because of the built
environment of the new housing location), but on the
average, the weekly car trips tended to drop just slightly
after household relocation. Finally, weekly transit trips
tended to reduce substantially after a household relocates
compared with households who did not move. In part,
this might reflect ongoing urban sprawl, which would
also be supported by a reduction in walk trips (Table 3).
However, the quality of the data did not allow for fur-
ther analysis of area types before and after the move.

Tables 2 and 3 showed a small reduction of trips for
the entire surveyed population. This is confirmed by the
cross-sectional survey MiD (Mobilität in Deutschland)
from 2008 and 2017, which showed a reduction of 6.5%
in urban travel and also by the PSTP survey in the
United States 19).

Conclusions

To the best of our knowledge, this paper presents the first
comprehensive study of the impact of life events on
change of travel behavior. Whereas travel behavioral
may change substantially from day to day, it remains
comparatively stable if aggregated to weeks or even
months. Understanding incremental changes to travel
behavior helps to explain sensitivities to new policies, and
thereby, avoids overstating the impact of the policies.

Positive and negative impacts of life events on number
of trips by purpose and mode calculated in this research
were plausible and within expected ranges. The individ-
ual impact of life events, however, has a large range of
effects on the individual travel behavior. For example,
those who changed from unemployed to employed from
one year to the next ranged from reducing the number of
weekly work trips by seven to increasing the number of
weekly work trips by nine (compare right boxplot in
Figure 1). Obviously, more aspects affect the number of
weekly work trips from one year to the next, including
taking time off, sick leave (of the worker or of a depend-
able person in the same household), business travel,
working from home, choice to go home for lunch, need
for job interviews, and trips to the unemployment office,
among others. For discretionary travel, even more varia-
tion is expected, influenced by the mood to travel, the
perceived necessity to travel, the weather or the health
status, just to mention a few. Not all of these can be
measured in travel surveys, and therefore cannot be rep-
resented explicitly in transport models. Given the
remaining unexplainable changes in travel behavior,
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some random effect in agent-based models will remain
appropriate. However, the more elements we are able to
move from random effect to explainable effects with
empirical evidence, the more meaningful the policy sensi-
tivities in transport models will become. Overall, a gen-
eral trend of reduction in weekly trips throughout the
population, that is, persons with or without a life event,
is also observed, except for the activity type other trips
and mode type bicycle trips. However, the degree of
reduction in weekly trips varies among activity types
(Table 2) and travel modes (Table 3).

A limitation of this research is the relatively small
dataset with 10,139 records since 2010, of which only
1,781 persons experienced one of the studied life events.
However, panel surveys are rare, particularly panel sur-
veys that capture week-long travel behavior. Although it
is easy to complain that a given dataset is smaller than
desired, the German MOP data provide an unusual
opportunity for longitudinal travel behavior analyses.

In this paper, we analyzed travel behavior with regard
to number of trips. Another interesting travel behavior
outcome is trip lengths. All analyses shown in this paper
were also conducted with trip length. It turned out that
the variation in trip lengths was smaller than in number
of trips. In other words, life events were more likely to
affect the number of trips than the traveled distance per
week. One could have expected that it would have been
easier to adjust the destination (such as selecting a gro-
cery store that is closer) than adjusting the number of
trips. Apparently, respondents tended to travel similar
distances, even if they did fewer trips. This finding might
confirm Zahavis’s (14) theory of constant travel time
budget. It is possible, however, that this is an artifact of
this survey. The survey does not contain coordinates of
origins and destinations but self-reported trip distances.
As respondents tend to round survey responses, it is per-
ceivable that the rounded values tended to be similar,
even after a life event occurred, whereas the number of
trips might have been reported more truthfully. With the
given data, however, we were not able to confirm this
hypothesis.

As a next step, we plan to explore the impact of life
events in conjunction with socio-demographic attributes.
It is possible, for example, that the birth of a first child
has more impact on travel behavior than the birth of a
second child. Likewise, buying a car might have a larger
impact for a young driver on travel behavior than for a
retiree. Furthermore, we are interested in exploring not
only trips by purpose and trips by mode separately, but
also in exploring the cross-tabulation of the two dimen-
sions. Impact on trip length is another intriguing analy-
sis. Last but not least, we are interested in analyzing the
complementary effects of multiple life events happening
in one year. Will the decreasing effect of the birth of a

child on work trips cancel out with the increasing effect
of household relocation on work trips? Or will one life
event dominate over the other? Certainly, the small sam-
ple size of 576 persons with multiple life events in one
year will limit the ability to quantify the impact of simul-
taneous life events. But there might be typical combina-
tions, such as birth of a child and household relocation,
that were observed with sufficient frequency to be ana-
lyzed econometrically.

We also plan to explore the relationship between life
events and change of travel behavior through the lens of
explainable (xAI) and interpretable artificial intelligence
(iAI). We intent to train various prediction models that
range from random forests and gradient boosted trees
toward (deep) neural networks to explain the impact of
single and multiple life events and their interaction with
socio-demographic attributes on travel behavior. Then,
an interpretable representation of a decision tree of a ran-
dom forest will be used for counterfactual analyses, which
will help to explore what-if analyses of unseen cases (38).

Author Contributions

The authors confirm contribution to the paper as follows: study
conception and design: R. Moeckel, U. Ahmed; analysis and
interpretation of results: U. Ahmed, R. Moeckel; draft manu-

script preparation: R. Moeckel, U. Ahmed. All authors
reviewed the results and approved the final version of the
manuscript.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with
respect to the research, authorship, and/or publication of this
article.

Funding

The author(s) received no financial support for the research,
authorship, and/or publication of this article.

Data Accessibility Statement

Further information including instructions to access the data
can be found at https://mobilitaetspanel.ifv.kit.edu/english/
index.php

ORCID iDs

Usman Ahmed https://orcid.org/0000-0003-4101-6650
Rolf Moeckel https://orcid.org/0000-0002-6874-0393

References

1. Raux, C., T.-Y. Ma, and E. Cornelis. Variability in Daily

Activity-Travel Patterns: The Case of a One-Week Travel

Diary. European Transport Research Review, Vol. 8, No. 4,

2016, p. 26.

Ahmed and Moeckel 603

https://mobilitaetspanel.ifv.kit.edu/english/index.php
https://mobilitaetspanel.ifv.kit.edu/english/index.php
https://orcid.org/0000-0003-4101-6650
https://orcid.org/0000-0002-6874-0393


2. McCarthy, P. S. Further Evidence on the Temporal Stabi-

lity of Disaggregate Travel Demand Models. Transporta-

tion Research Part B: Methodological, Vol. 16, No. 4,

1982, pp. 263–278.
3. Kitamura, R., and T. Van Der Hoorn. Regularity and

Irreversibility of Weekly Travel Behavior. Transportation,

Vol. 14, No. 3, 1987, pp. 227–251.
4. Verplanken, B., and W. Wood. Interventions to Break and

Create Consumer Habits. Journal of Public Policy & Mar-

keting, Vol. 25, No. 1, 2006, pp. 90–103.
5. Verplanken, B., I. Walker, A. Davis, and M. Jurasek. Context

Change and Travel Mode Choice: Combining the Habit Dis-

continuity and Self-Activation Hypotheses. Journal of Envi-

ronmental Psychology, Vol. 28, No. 2, 2008, pp. 121–127.
6. Moeckel, R., M. Heilig, T. Hilgert, and M. Kagerbauer.

Benefits of Integrating Microscopic Land Use and Travel

Demand Models: Location Choice, Time Use Stability of

Travel Behavior. Transportation Research Procedia, Vol.

48, 2020, pp. 1956–1967.
7. Wegener, M.Overview of Land Use Transport Models. In

Handbook of Transport Geography and Spatial Systems (D.

A. Hensher, K. J. Button, K. E. Haynes, and P. R. Sto-

pher, eds.), Emerald Group Publishing Limited, Bingley,

2004, pp. 127–146.
8. Pas, E. I. A Flexible and Integrated Methodology for Ana-

lytical Classification of Daily Travel-Activity Behavior.

Transportation Science, Vol. 17, No. 4, 1983, pp. 405–429.
9. Jones, P., and M. Clarke. The Significance and Measure-

ment of Variability in Travel Behaviour. Transportation,

Vol. 15, No. 1, 1988, pp. 65–87.
10. Buliung, R. N., M. J. Roorda, and T. K. Remmel. Explor-

ing Spatial Variety in Patterns of Activity-Travel Beha-

viour: Initial Results From the Toronto Travel-Activity

Panel Survey (TTAPS). Transportation, Vol. 35, No. 6,

2008, p. 697.
11. Hanson, S., and O. J. Huff. Systematic Variability in

Repetitious Travel. Transportation, Vol. 15, No. 1, 1988,

pp. 111–135.
12. Tarigan, A. K. M., and R. Kitamura. Week-to-Week Lei-

sure Trip Frequency and its Variability. Transportation

Research Record: Journal of the Transportation Research

Board, 2009. 2135: 43–51.
13. Cui, C.-L., Y.-L. Zhao, and Z.-Y. Duan. Research on the

Stability of Public Transit Passenger Travel Behavior Based

on Smart Card Data. 14th COTA International Conference

of Transportation Professionals, American Society of Civil

Engineers, Changsha, China, 2014.
14. Zahavi, Y. Traveltime Budgets and Mobility in Urban Areas.

Federal Highway Administration, Washington, D.C., 1974.
15. Levinson, D., and A. Kumar. Activity, Travel, and the

Allocation of Time. Journal of the American Planning Asso-

ciation, Vol. 61, No. 4, 1995, pp. 458–470.
16. Toole-Holt, L., S. E. Polzin, and R. M. Pendyala. Two

Minutes per Person per Day Each Year: Exploration of

Growth in Travel Time Expenditures. Transportation

Research Record: Journal of the Transportation Research

Board, 2005. 1917: 45–53.
17. van Wee, B., P. Rietveld, and H. Meurs. Is Average Daily

Travel Time Expenditure Constant? In Search of

Explanations for an Increase in Average Travel Time. Jour-

nal of Transport Geography, Vol. 14, 2006, pp. 109–122.
18. Mokhtarian, P. L., and C. Chen. TTB or Not TTB, That is

the Question: A Review and Analysis of the Empirical Lit-

erature on Travel Time (and Money) Budgets. Transporta-

tion Research Part A-Policy and Practice, Vol. 38, 2004,

pp. 643–675.
19. Murakami, E., and W. Watterson. The Puget Sound Trans-

portation Panel After Two Waves. Transportation, Vol. 19,

No. 2, 1992, pp. 141–158.
20. Donnelly, R., G. Erhardt, R. Moeckel, and W. A. David-

son. Advanced Practices in Travel Forecasting. A synthesis

of Highway Practice. NCHRP Report 406. National Aca-

damy of Sciences, Washington, D.C., 2010.
21. Kitamura, R., C. Chen, R. M. Pendyala, and R. Naraya-

nan. Micro-Simulation of Daily Activity-Travel Patterns

for Travel Demand Forecasting. Transportation, Vol. 27,

No. 1, 2000, pp. 25–51.

22. Adler, T., and M. Ben-Akiva. A Theoretical and Empirical

Model of Trip Chaining Behavior. Transportation Research

Part B: Methodological, Vol. 13, No. 3, 1979, pp. 243–257.
23. Jones, P. M.New Approaches to Understanding Travel

Behaviour: The Human Activity Approach. In Behavioural

Travel Modelling (D. Hensher, and P. Stopher, eds.),

Croom Helm, London, 1979, pp. 55–80.
24. Axhausen, K. W., and T. Gärling. Activity Based

Approaches to Travel Analysis: Conceptual Frameworks,

Models, and Research Problems. Transport Reviews, Vol.

12, No. 4, 1992, pp. 323–341.
25. Bowman, J. L. Historical Development of Activity Based

Model Theory and Practice. Traffic Engineering & Control,

Vol. 50, No. 2, 2009, pp. 59–62.
26. Hilgert, T., M. Heilig, M. Kagerbauer, and P. Vortisch.

Modeling Week Activity Schedules for Travel Demand

Models. Transportation Research Record: Journal of the

Transportation Research Board, 2017. 2666: 69–77.
27. Horowitz, J. L. Travel and Location Behavior: State of the

Art and Research Opportunities. Transportation Research

Part A: General, Vol. 19, No. 5, 1985, pp. 441–453.
28. Domencich, T. A., and D. McFadden. Urban Travel

Demand: A Behavioral Analysis; A Charles River Associates

Research Study. North-Holland Publishing Company,

Amsterdam, 1975.
29. Hensher, D. A., J. M. Rose, and W. H. Greene. Applied

Choice Analysis: A Primer. Cambridge University Press,

Cambridge, 2005.
30. Davidson, W., R. Donnelly, P. Vovsha, J. Freedman, S.

Ruegg, J. Hicks, J. Castiglione, and R. Picado. Synthesis

of First Practices and Operational Research Approaches in

Activity-Based Travel Demand Modeling. Transportation

Research Part A: Policy and Practice, Vol. 41, No. 5, 2007,

pp. 464–488.
31. Schlich, R., and K. W. Axhausen. Habitual Travel Beha-

viour: Evidence From a Six-Week Travel Diary. Transpor-

tation, Vol. 30, 2003, pp. 13–36.
32. Kitamura, R., P. L. Mokhtarian, and L. Laidet. A Microa-

nalysis of Land Use and Travel in Five Neighborhoods in

the San Francisco Bay Area. Transportation, Vol. 24, No.

2, 1997, pp. 125–158.

604 Transportation Research Record 2677(9)



33. Mokhtarian, P. L., and I. Salomon. Modeling the Desire
to Telecommute: The Importance of Attitudinal Factors in
Behavioral Models. Transportation Research Part A: Policy

and Practice, Vol. 31, No. 1, 1997, pp. 35–50.
34. Pokhrel, A. Comparative Analysis of Person-Category

and Household-Category Trip Generation Models. Mas-
ter’s thesis. Technical University of Munich, München,
2017.

35. Le, H. T. K., A. L. Carrel, and H. Shah. Impacts of Online
Shopping on Travel Demand: A Systematic Review. Trans-
port Reviews, Vol. 42, No. 3, 2022, pp. 273–295.

36. Nobis, C., and T. Kuhnimhof. Mobilitt in Deutschland -

MiD Ergebnisbericht. Technical Report 70.904/15, BMVI,
2018.

37. Moeckel, R. Constraints in Household Relocation: Model-
ing Land-Use/Transport Interactions That Respect Time
and Monetary Budgets. Journal of Transport and Land Use,
Vol. 10, No. 2, 2017, pp. 1–18.

38. Vidal, T., and M. Schiffer. Born-Again Tree Ensembles.
Proc., 37th International Conference on Machine Learning,
ICML 2020, 13–18 July 2020, Virtual Event, PMLR, 2020,
Vol. 119, pp. 9743–9753.

Ahmed and Moeckel 605


