
���������������	�
�	��

���
�������	�������������
�����������������������������
��
���
������������
���	�
�������
���
�����
���������
�����	������

�������������	���
�����
��

��������������������
���
������������ �� ����� �
�	�����������������	���� �����!�����������
���
���� �����"���������	�����#�
���������$�� �����%�����$�����#�
�����������&�
���� �����'�(���
�������������)�
�����*�+�� �����%�
�����
������� �
�	��������

�
�����������������������������
��
�,�-�,�,���-�.

�
�
���������
����������������
�����������/�0�0���
���+�
�	���0�����������/�0�0���
���+�
�	���0�1�-�+�2�3�,�3�0�������4�������-�-�-�5�5�1�6�2�1

�����	�������������������
�����
��
���	���
�������������
�����
�������'�����	�����������
�����7�+�-���8�������	���
�����
���
��

�������	�����������������������������
����������
�'�	���������������	�������������9���	�$�����	���������������%�
���������
�����������1�:�.�-

�������������
�������;�
�������������	�
���������
�����
���
�������
�������������
�������
�;�����
�
�����<�	�
���������������������=���	���������%�������
�	���������
�������������
���+
���
�	�����
�	���������<�
�	���
�����
�������������
���������
�������������������������	�������
�<���������+

https://orcid.org/0000-0002-8996-3748
https://orcid.org/0000-0002-0456-8539
https://orcid.org/0000-0003-3866-821X
https://orcid.org/0000-0001-9824-5388
https://orcid.org/0000-0001-9969-1400
https://orcid.org/0000-0003-3331-1318
https://orcid.org/0000-0001-5951-6835
https://doi.org/https://doi.org/10.3929/ethz-b-000551831
http://creativecommons.org/licenses/by/4.0/
https://www.research-collection.ethz.ch
https://www.research-collection.ethz.ch/terms-of-use


Conserved quantities in human mobility:
from locations to trips

Ye Honga,� , Henry Martin a,c , Yanan Xina, Dominik Buchera,d, �� ,
Daniel J. Reckb , Kay W. Axhausenb , Martin Raubal a

a Institute of Cartography and Geoinformation, ETH Zurich, 8093 Zurich, Switzerland
bInstitute for Transport Planning and Systems, ETH Zurich, 8093 Zurich, Switzerland

c Institute of Advanced Research in Arti�cial Intelligence (IARAI), 1030 Vienna, Austria
dc.technology, 8002 Z•urich, Switzerland

Abstract

Quantifying intra-person variability in travel choices is essential for the com-
prehension of activity-travel behaviour. Due to a lack of appropriate datasets
and methods, there is limited understanding of how an individual's travel pat-
tern evolves over months and years. We use two high-resolution user-labelled
datasets consisting of billions of GPS track points from� 3800 individuals to
analyze individuals' activity-travel behaviour over the long term. The general
movement patterns of the considered population are characterised using mobil-
ity indicators. Despite the di�erences in the mobility patterns, we �nd that
individuals from both datasets maintain a conserved quantity in the number
of essential travel mode and activity location combinations over time, resulting
from a balance between exploring new choice combinations and exploiting exist-
ing options. A typical individual maintains � 15 mode-location combinations,
of which � 7 are travelled with a private vehicle every 5 weeks. The dynamics of
this stability reveal that the exploration speed of locations is faster than the one
for travel modes, and they can both be well modelled using a power-law �t that
slows down over time. Our �ndings enrich the understanding of the long-term
intra-person variability in activity-travel behaviour and open new possibilities
for designing mobility simulation models.
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1. Introduction

Travel planners have long recognised that individual travel behaviour is dy-
namic and varies considerably from regular personal routines when observed
over an extended period. This intra-person variability expresses needs and con-
straints that are not constant from day to day (H•agerstrand, 1970), which allow5

for 
exibility concerning individuals' timings and activities (Axhausen, 2006,
Pas and Sundar, 1995). The constraint-need interactions form the observed in-
dividuals' multidimensional activity-travel patterns over time. To understand
the interaction between the di�erent aspects of activity-travel patterns, multi-
day observations of individuals' mobility traces are necessary (Schlich and Ax-10

hausen, 2003), as opposed to the cross-sectional data where individuals are
asked to report their travel behaviour on a single day. Intra-person variabil-
ity of activity-travel patterns is an important area of research that has many
practical applications such as o�ering better understandings of urban life (Ahas
et al., 2010), assessing policy impacts (Jones and Clarke, 1988), and optimising15

public transit usage (Egu and Bonnel, 2020).
Using actively collected multi-day travel survey datasets, previous studies

have gained insights into the intra-person variability, mainly focusing on a
single dimension of the activity-travel patterns, such as trip frequency (Pas
and Sundar, 1995), activity location (Susilo and Kitamura, 2005), and travel20

mode (Heinen and Chatterjee, 2015). Comparatively few studies investigated
the inter-dependency between the di�erent behaviour dimensions and mea-
sured their variability over time, such as activity{travel{location combinations
by Susilo and Axhausen (2014) and activity-location-mode sequences by Dhar-
mowijoyo et al. (2017). All of this research provides valuable knowledge of25

understanding the variability in activity-travel patterns. However, their results
are restricted by the employed datasets. Since multi-day datasets are costly and
di�cult to collect (Schlich and Axhausen, 2003, Goulet-Langlois et al., 2018),
they are limited in sample size and survey duration (typically ranging from
days to a few weeks). Continuous observations of individuals' activity-travel30

patterns over months and years are lacking, hindering our understanding of the
intra-person variability over the long term.

With the development of information and communication technologies (ICT)
(Bucher et al., 2019) and location-based services (LBS) (Huang et al., 2018),
massive passively-recorded digital datasets containing human mobility traces35

have emerged, which provide the opportunity to study the long-term patterns
of travel behaviour. Based on these \big" mobility datasets, studies have pro-
vided statistical evidence into the regularities of individual visited activity loca-
tions (Alessandretti et al., 2020, Barbosa et al., 2015, Gonz�alez et al., 2008). A
recent seminar study proposed that the number of essential locations visited by40

an individual is a conserved quantity over the long term (Alessandretti et al.,
2018). Nevertheless, we still lack su�cient understanding of the evolution of
travel mode, the other essential component of activity-travel patterns. Given
the stability of visited locations (Alessandretti et al., 2018), it is unclear how
an individual's travel mode choices in
uence this stability and whether simi-45
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lar long-term stability can be observed by additionally considering travel mode
information.

We aim to bridge this research gap by studying the evolution of individuals'
choices in activity location and travel mode. We address the following research
question: Given the claimed stability of location visits, how do activity location50

and transport mode choices of individuals evolve in the long term?
Here, we address this question by considering travel mode with the visited

location and analysing individuals' mode-location choices over time. Our re-
sults indicate that each individual's number of essential mode-location choices
is a conserved quantity over the long term, and a typical individual maintains55

approximately 15 combinations every 5 weeks. This stability results from a
balance between exploring new choice combinations and exploiting existing op-
tions. The quanti�cation of location and mode exploration further suggests
that exploring new locations is faster than exploring new travel modes to reach
already visited locations. Our �ndings are derived based on high-resolution user-60

labelled mobility traces from participants in two longitudinal experiments: 139
participants from the Swiss Federal Railways (SBB) Green Class (GC) E-Car
pilot study (GC dataset) (Martin et al., 2019), spanning over 12 months, and
the research project Mobility Behaviour in Switzerland (MOBIS dataset) (Mol-
loy et al., 2020, Molloy, 2021), containing approximately 3700 persons traced65

for more than eight weeks. This research improves our understanding of the
long-term intra-person variability in individuals' activity-travel behaviour and
provides empirical support for designing new mobility simulation models.

2. Related work

2.1. Intra-person variability in activity-travel behaviour70

In the travel behaviour literature, the intra-person variability analysis, which
investigates the extent to which our activity-travel decisions di�er from the con-
sistent patterns over time, has sparked interest in the �eld for a long time (Jones
and Clarke, 1988, Pas, 1987, Hanson and Hu�, 1988). Over the years, a large
number of empirical studies have measured the degree of this variability through75

indicators calculated on a single aspect of the activity-travel pattern, which can
be roughly classi�ed into trip-based methods (e.g., trip frequency (Pas and
Sundar, 1995) and travel mode (Heinen and Chatterjee, 2015, Cherchi and Cir-
illo, 2014)), time use-related methods (Kang and Scott, 2010, Minnen et al.,
2015) and activity-based methods (Sch•onfelder and Axhausen, 2016, Susilo and80

Kitamura, 2005). However, previous studies argued that the uniqueness of in-
dividuals' activity-travel patterns in each period should be understood from
multiple dimensions as a form to satisfy their needs and desires that are limited
by constraints (Susilo and Axhausen, 2014, Dharmowijoyo et al., 2017). There-
fore, involving multiple aspects of activity-travel patterns is necessary to under-85

stand intra-person variability completely. For example, Schlich and Axhausen
(2003) analysed di�erent combinations constructed from travel mode, activity
purpose, arrival time and destination location, which all show a high degree of
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repetition over the studied duration. Susilo and Axhausen (2014) adopt the
Her�ndahl{Hirschman Index (HHI) index to measure the degree of repetition of90

individuals' choices regarding their daily activity{travel{mode{location combi-
nations and conclude that the variability is less correlated to travel mode choice,
but more to the individuals' commitments and obligations. Dharmowijoyo et al.
(2016) analysed the variability in the sequence of activity type, activity loca-
tion and travel mode by applying a multidimensional sequence alignment model.95

They report that the variability between weekend and weekday pairs is much
greater than between weekday-weekday pairs or weekend-weekend pairs. More-
over, this line of studies noted that the degree of variability di�ers with the
employed methods and the aspect of the activity-travel pattern under consider-
ation (Schlich and Axhausen, 2003, Raux et al., 2016).100

All the studies mentioned above were conducted based on multi-day travel
surveys, which require active participation of surveyed individuals and are thus
di�cult to scale. Moreover, as indicated by Schlich and Axhausen (2003), high
response burden and the tendency to ignore short trips are critical challenges
faced by interviewed individuals when �lling out a multi-day survey. Although105

providing valuable travel information, longitudinal travel behaviour data often
cover a time range from several days up to six weeks, making it di�cult to
study the intra-personal variability in activity-travel behaviour over months and
years. However, this knowledge is essential for understanding the evolution of
travel behaviour and estimating travel demands over time. Conventional travel110

demand modelling approaches often implicitly assume activity-travel behaviours
to be static and model them using mobility data sampled from a single day,
which leads to growing model errors over time (Zhang et al., 2018). To date, we
still lack a comprehensive model to describe how individual travel behaviours
may have evolved over time (Chen et al., 2016).115

2.2. Longitudinal human mobility studies using passively collected tracking data
Over the last decade, the availability of large-scale datasets recording human

digital traces has increased in the �eld of human mobility and provided novel
insights into its quantitative patterns (Barbosa et al., 2018, Schl•apfer et al.,
2021). Examples of these mobility data are geotagged posts generated from120

online activities (Bao et al., 2021), smart-card data collected at transit sys-
tems (Goulet-Langlois et al., 2018), call detail records (CDR) data originated
from mobile phone usages (J•arv et al., 2014, Yuan et al., 2012) and GPS track-
ing data collected through mobile devices (Hong et al., 2021). These passively
collected data are generated for purposes that are not intended but can be po-125

tentially used for research. They pose little burden to the users and could cover
a broader population and geographic area (Chen et al., 2016, Wang et al., 2018).

Longitudinal human mobility studies applying these data have shown that an
individual's movements can be described by statistical scaling laws (Gonz�alez
et al., 2008) and have high theoretical predictability in location visits (Song130

et al., 2010b, Lu et al., 2013). Speci�cally, focusing on individual visited loca-
tions, Song et al. (2010a) reported that individuals regularly return to a few im-
portant locations over time and Alessandretti et al. (2018) extended the idea to
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show that the number of these locations for each individual is a conserved quan-
tity over the long term. Moreover, studies have revealed the regularity (Stan-135

ley et al., 2018) and seasonality (J•arv et al., 2014) of the individual activity
spaces, which represent the observed geographical space that contains impor-
tant visited locations. Another prevailing line of research aims to understand
the transit usage behaviour using smart card data, where researchers measure
trip rates and sequences of travel events to distinguish regular behaviour pat-140

terns over time (Egu and Bonnel, 2020, Goulet-Langlois et al., 2018) and to
identify typical user groups (Liu et al., 2020).

The great opportunities for the \big" mobility data in travel behaviour stud-
ies are followed by the challenges of using these datasets. The basic data unit
in passively collected datasets does not correspond to meaningful terms used in145

travel behaviour studies; for example, it is not straightforward to derive a loca-
tion where people perform an activity directly from GPS track points or mobile
phone tower data. Therefore, studies tend to identify mobility patterns (such as
displacements between two inferred stops) from which predictions can be made
instead of using transport-related metrics such as trip distance or time (Chen150

et al., 2016). Moreover, human mobility patterns inferred from these datasets
often lack accurate travel-related information such as travel mode (Wang et al.,
2018), which hinders their application in studying individuals' multidimensional
activity-travel behaviour. The main focus of the studies on �ne-grained mobil-
ity behaviours lies in understanding how individuals move from one location to155

another (Schl•apfer et al., 2021, Alessandretti et al., 2020). To date, no study
has systematically investigated the intra-person variability in the travel mode
choices of individuals using passively collected mobility data.

3. Dataset

Two large-scale user-labelled GPS tracking datasets consisting of billions of160

GPS track points from � 3800 individuals are employed to study the long-term
evolution of individual activity-travel patterns. This section provides a brief
introduction to these datasets and the preprocessing methods.

3.1. Datasets

GC dataset. The Green Class(GC) dataset is an outcome of the SBB Green165

Class E-Car pilot study conducted by the Swiss Federal Railways (SBB) from
November 2016 to December 2017 (Martin et al., 2019). In the study, 139
participants were o�ered a Mobility as a Service (MaaS) package with a �xed
yearly rate, including a battery electric vehicle, a national level season ticket
(GA travelcard), as well as access to several car- and bike-sharing programs. As170

part of the study, the participants were asked to install a commercial application
(app) on their smartphones to record their daily movement (with a median time
of 13.9 seconds between two consecutive GPS recordings) (Bucher et al., 2020).
The app pre-processed the raw GPS traces to inferstay points where users are
stationary and stagesof continuous movements that use a single travel mode.175
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The participants were then asked to label the stay points with a purpose and
stages with a travel mode. Although the participants were primarily selected
based on their geographic location, the participation preconditions led to a bias
towards the middle- and upper-class people with high mobility demand (Martin
et al., 2019).180

MOBIS dataset. The Mobility Behaviour in Switzerland (MOBIS) study
aims to assess the size of behavioural impact of mobility pricing in Switzer-
land (Molloy et al., 2020, Molloy, 2021). Starting from Autumn 2019, � 3700
persons took part in the study and recorded their locations for eight weeks with
a tracking app installed on their smartphones. Some participants continued the185

tracking after the MOBIS data collection was completed. The app recorded
all outdoor movements and divided the GPS traces intostay points and stages,
and imputed the travel modes. Similar to the GC dataset, the participants in
the MOBIS study were encouraged to verify these imputations and add pur-
pose labels for their recorded stay points. MOBIS focuses on people living in190

Switzerland who stated that they use both cars and public transport for their
daily travel. Still, the sample generally matches the known socio-demographics
of the Swiss population (Molloy et al., 2020), providing a strong data reference
for studying the mobility behaviours of the residents.

3.2. User selection and movement model generation195

The quality of the recorded mobility traces typically varies across partici-
pants in app-based mobile phone tracking datasets, mainly in
uenced by the
willingness to participate in the study and individuals' habits of using mobile
phones. We pre-�lter the datasets to include participants tracked for a long
period with high temporal tracking quality for our further analysis. Speci�-200

cally, we include participants tracked for more than 300 days and 50 days for
the GC and MOBIS datasets. Moreover, we use temporal tracking coverage,
de�ned as the proportion of time the user's whereabouts are recorded, to eval-
uate the tracking quality of individuals in the temporal dimension. After this
process, 115 participants in GC and 3299 participants in MOBIS remain. The205

median weekly temporal tracking coverage of the remaining participants shows
that the quality is relatively stable and high throughout the study period for
both datasets (Figure 1).

The raw movement traces need to be processed to infer meaningful analysis
units for travel behaviour analysis. In the context of this study, the stay points210

and stages obtained from the tracking app need to be aggregated intolocations
and trips. Locations correspond to visits to the same place at di�erent times,
and trips are de�ned as the collection of all movement and idling between two
activities Axhausen (2007). It is necessary to de�neactivities for identifying
both location and trips. We regard a stay point as an activity if its duration215

is longer than 25 minutes or if it was labelled with a non-trivial purpose (we
consider any available purpose as non-trivial except forwait or unknown). The
process of generating locations and trips and their attached attributes are de-
scribed as follows.
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Figure 1: The median weekly temporal tracking coverage for the (A) GC and (B) MOBIS
datasets. Temporal tracking coverage is de�ned as the proportion of time where the user's
whereabouts are recorded.

Locations. The stay points that were regarded as activities were aggregated220

to infer locations. We adopted the DBSCAN method to cluster activity stay
points based on the spatial proximity of each individual to avoid generating
large clusters that may cover several places (Hariharan and Toyama, 2004). We
utilized the function provided in the Trackintel framework and used the follow-
ing algorithm parameters (Hong et al., 2021):epsilon = 50, num samples = 1.225

In Appendix A.2, we describe the in
uence of altering these parameters on the
results.

Trips . Trips are obtained by collecting all consecutive sequences of stages
between two activity stay points. While numerical attributes such as length and
duration can be directly obtained, the aggregation of travel modes from stages230

to trips has to be derived based on predetermined rules. Here, we adopt two
standards for labelling the main mode of a trip (Axhausen, 2007): (A) Based
on the mode with the largest share of the distance travelled and (B) based
on prede�ned hierarchies of the assumed strength of the mode, i.e., airplane -
train - tram - bus - car/motorbike - bicycle - walk. The results reported in the235

main text are obtained through standard A; in Appendix A.2, we show that
the results are also robust for standard B. In both datasets, the main travel
mode of a trip is grouped into the following three categories: non-motorised
modes (i.e., walking and bicycle), private vehicle (i.e., car and motorbike) and
public transport (i.e., airplane, boat, subway, train, bus and tram) (Susilo and240

Axhausen, 2014, Heinen and Chatterjee, 2015).
All the processing steps are implemented inPython using the open-source

Trackintel human movement data processing library (Martin et al., 2022). Both
datasets continuously record the whereabouts of each individual, resulting in
a worldwide collection of trips and locations (Figure 2A). Still, most of the245

recorded movements and activities are located within Switzerland (Figure 2B).
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Figure 2: Spatial distribution of the mobility for the GC and MOBIS datasets. (A) Worldwide
distribution of trips and locations. (B) Enlarged plot showing the location distribution within
Switzerland. Map data from the GADM Database of Global Administrative Areas, version
3.6, available at https://gadm.org/. Map projected using Robinson projection (ESRI:54030).

4. Methodology

This section provides a detailed description of the methods to study the long-
term evolution of individuals' activity location and transport mode choices. We
�rst identify the mobility behaviours of the population using mobility indicators.250

This assists in understanding the di�erent mobility patterns of the two datasets.
Then, the ways to quantify individuals' travel mode and activity location choices
are described.

4.1. Identifying individuals' mobility behaviour

We use mobility indicators to characterise the general mobility patterns of255

the considered individuals. Previous studies have shown that many aspects of
individual mobility can be described using statistical distributions (Brockmann
et al., 2006, Gonz�alez et al., 2008); however, the best-approximating distribu-
tion is often dataset dependent, with its parameters re
ecting dataset-speci�c
characteristics (Alessandretti et al., 2017). Here, we consider the following in-260

dicators:

ˆ Radius of gyration (Gonz�alez et al., 2008). The radius of gyration Rg(u)
can be regarded as the characteristic distance travelled by individualu
and is often used to re
ect their activeness in the spatial dimension. It
can be calculated as follows:265

Rg(u) =

vu
u
t 1

n(u)

n (u)X

i =1

(loci (u) � loccm (u))2

where loci (u) represents the i th location record of individual u, and
loccm (u) = 1

n (u)

P n (u)
i =1 (loci (u)) is the center of mass of the location tra-

jectory.
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ˆ Jump length (Brockmann et al., 2006). Jump length measures the distance
between consecutive displacements of human movements, the distribution270

of which is used to quantify the di�usion e�ect of a continuous-time ran-
dom walk process (i.e., L�evy 
ight), previously reported to best model
human trajectories (Brockmann et al., 2006, Gonz�alez et al., 2008).

ˆ Location visitation frequency (Song et al., 2010a). It is widely reported
that certain locations are more important than others in individuals' daily275

mobility (Song et al., 2010a, Alessandretti et al., 2018). Here, we rank
locations based on each individual's recorded number of visits and plot
the visitation frequency with their rank.

ˆ Activity space. The concept of activity space represents the observed
geographical space that contains the locations frequently visited by an280

individual over a period of time (Golledge, 1997). In this study, using lo-
cations weighted by their activity duration, we adopt the two-dimensional
con�dence ellipse and report its area to measure individuals' daily activity
space (Sch•onfelder and Axhausen, 2003, 2016).

Additionally, we calculate basic trip and location statistics of the considered285

population. All the above analyses help to understand the general activity-travel
patterns of the individuals in the GC and MOBIS datasets.

4.2. Joint consideration of mode and location choices

We aim to quantify the evolution of individuals' travel mode and activity
location choices over time. To jointly consider these two dimensions of travel290

behaviour, we propose the concept oftrip package that groups individual con-
ducted trips. Each unique combination of travel mode and destination location
is a trip package; that is, we group the trips that share the same travel mode
and destination location as one trip package. Figure 3 shows an example of
this process based on mobility traces from one of the authors living in Zurich,295

Switzerland, where six trip packages can be observed from the combination of
travelling with three di�erent travel modes to two distinct destination loca-
tions. Trip packages capture the information of how and where the individual
is travelling at the same time. Therefore, considering the temporal dimension,
individual mobility can be decomposed into sequences of trip packages, which300

allows us to study personal mobility preferences over time.

4.3. Extraction of important mode-location choices over time

Trip packages encapsulate the movement behaviours for a single trip, while
individuals' choice for the trip packages over time captures their mobility pref-
erences. Previous studies have shown that a small subset of all visited loca-305

tions is su�cient to characterise individuals' day-to-day activity location choices
(Gonz�alez et al., 2008, Yuan and Raubal, 2016). Following the same line of ar-
gument, we represent individuals' activity-travel behaviour using the most often
observed trip packages. We propose thebehaviour setto capture these essential

9



Figure 3: The construction of trip packages. Trips are coloured according to the trip pack-
ages, de�ned as unique combinations of destination location and travel mode (classi�ed into
private vehicle, public transport and non-motorised). The coordinates of the locations were
slightly altered to protect the subject's privacy. Map data © OpenStreetMap contributors,
© CARTO.

trip packages. Speci�cally, we de�ne an individual's behaviour set as the set of310

all trip packages observed at least twice and travelled more thanm minutes/week
during a time window of �t weeks that starts at time t. These �lters control the
frequency and importance of trip packages contained in the behaviour set. The
results presented in the section below are obtained using time window�t = 5
weeks andm = 1 minute/week. We also tested other combinations of frequency315

and importance �lters for de�ning the behaviour set, which yielded equivalent
results (for sensitivity analysis on the parameter choices, see Appendix A.2).
Compared to the activity set that contains an individual's most important lo-
cations over time (Alessandretti et al., 2018), the de�nition of the behaviour set
and its construction process additionally considers trip-level information (i.e.,320

travel mode). This ensures that the behaviour set is a more comprehensive de-
scription and a more �ne-grained representation of individuals' important travel
behaviour.
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5. Results

5.1. Mobility indicators and trip statistics325

We reveal the movement characteristics of the considered population through
various mobility indicators. Figure 4 shows the distribution of radius of gyra-
tion, jump length, location visits, and the median daily activity space for the
individuals in the GC and MOBIS datasets. For the radius of gyration and
jump length, we �t parameter distributions to the empirical data and deter-330

mine their best-�t distribution with the Akaike information criterion (AIC) and
Akaike weights. We consider the log-normal distribution and the power-law
(including truncated-power law) distribution as candidate distributions, as they
are the most often reported distributions to approximate these two properties
in the mobility literature (Zhao et al., 2015, Tang et al., 2015). The empirical335

distribution of radius of gyration and jump length is both best �tted using a
log-normal distribution (their parameters can be found in Appendix A.1). This
observation is in line with the results in Alessandretti et al. (2017), where it is
reported that the jump length distribution is best described using log-normal
distribution when considering GPS datasets that have high spatial and tempo-340

ral resolutions, which is also the data collection method for the GC and MOBIS
datasets. Moreover, the frequency of location visits and the distribution of ac-
tivity spaces of both datasets are consistent with previous studies (Song et al.,
2010a, Sch•onfelder and Axhausen, 2016, J•arv et al., 2014).

While the GC and MOBIS datasets exhibit similar statistical properties345

for the mobility indicators, the subtle di�erences in their distributions reveal
dataset-speci�c characteristics. The pattern of the frequency of the location
visits is similar for the more important locations for both datasets (Figure 4C).
However, the GC participants are observed to visit more locations on average
than the ones in MOBIS, as shown from the long tail of the distribution, which350

could partly be attributed to the more extended observation period for the
GC dataset (� 12 month for GC and � 2 month for MOBIS). Moreover, the
high probability of �nding individuals with a larger radius of gyration suggests
that GC participants are more active in travelling compared to the ones in the
MOBIS dataset over the whole study period (Figure 4A). This tendency could355

also be observed at �ner time scales; we report a higher probability of travelling
a longer distance to reach their next activity location (Figure 4B) and a larger
median daily activity space (Figure 4D) for the GC individuals.

Next, we report essential trip and activity location statistics to uncover their
inter-correlated nature over the study duration. We �nd that, on average, indi-360

viduals spent a considerable amount of their time \on the way", with the me-
dian recorded trip duration across participants for the GC dataset reaching 2.17
hours/day and the MOBIS dataset 1.47 hours/day. Considering the obligatory
activities such as sleep and work that constrain daily movements (H•agerstrand,
1970, Sch•onfelder and Axhausen, 2016), this statistic emphasises the importance365

of trips in shaping individuals' daily schedule. To investigate the relationship
between activity locations and trips, we analyse two duration measures: the
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Figure 4: The mobility indicators for the population under consideration. (A) The distribution
of the radius of gyration. The dashed line represents the best �t log-normal distribution.
(B) The distribution of the jump length (i.e., consecutive displacements). The dashed line
represents the best �t log-normal distribution. (C) Zipf's plot showing the frequency of
location visits. (D) The distribution of the median daily activity space, measured using the
area of the 95% con�dence ellipse on locations weighted by the activity duration.

total time spent at locations and the total travel time to these locations. Fig-
ure 5 shows the distribution heat map of the two considered properties for the
locations that have a longer activity duration. We observe that the total travel370

time increase with the location importance, with Pearson correlation coe�cient
� = 0 :71 , two-tailed P = 0 for the GC dataset and Pearson correlation coe�-
cient � = 0 :75 , two-tailed P = 0 for the MOBIS dataset, implying that trip and
location properties are strongly correlated. This result indicates that individu-
als tend to travel more to reach their essential locations, and the dimensions of375

activity-travel behaviour are highly correlated.

5.2. Stability of mode and location choices
The previous section assists in understanding the general individual mobility

patterns over the entire study period yet falls short of revealing their dynamic
evolution characteristics over time. By introducing the concept of trip pack-380

age and behaviour set, we can disentangle the interconnected travel mode and
activity location choices at any point in time and analyse their evolution by com-
paring them in the temporal dimension. In Figure 6, we show the behaviour
set captures the essential trip packages for each individual. The trip packages
that belong to the behaviour set only occupy a small fraction of all observed385

trip packages (Figure 6 light-colour bar). Still, they cover a signi�cant number
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Figure 5: Histogram showing the distribution of the total activity duration of a location and
the total time spent to travel to that location (trip time) for the (A) GC and (B) MOBIS
datasets.

of trips for each individual (Figure 6 dark-colour bar). In other words, the cho-
sen criteria exclude over half of the observed trip packages yet retain the most
important ones structuring daily movements.

Figure 6: The importance of the behaviour set in daily mobility of the (A) GC and (B) MOBIS
datasets. Frequency histogram of individuals based on the fraction of all trip packages observed
that are part of the behaviour set (light-colour bar), and based on the trip fractions travelled
with these trip packages (dark-colour bar).

The number of trip packages in the behaviour set at a given timet, denoted390

as the behaviour capacity Ci (t), indicates the number of essential movement
behaviours observed for the individual i . As a �rst step, we are interested in
the evolution of Ci (t), which captures the number of distinct trip packages that
individual i maintains over time. Figure 7 shows the evolution of the average
capacity across individualsC(t) for both considered datasets.395

We observe that the average behaviour capacityC(t) is a conserved quantity
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Figure 7: Stability of individual's behaviour set. (A) and (C) The evolution of the behaviour
capacity. The regression coe�cient b of a linear �t for each dataset is reported in the legend.
(B) and (D) The probability density function of the individual's behaviour capacity. The
standard deviation (SD) and the mean value are reported in the legend. The dashed black
lines correspond to the constant mean capacity.

over time. This is tested using a linear �t of the form C(t) = a + b � t, where
b represents the slope anda is the intercept, and testing the null hypothesis
H0 : b = 0. We �nd that b is not signi�cantly di�erent from 0 (GC: � 0:002�
0:007 , MOBIS: � 0:010 � 0:024), and we �nd no evidence for rejecting the400

null hypothesis (GC: two-sided P = 0 :72, MOBIS: two-sided P = 0 :68). The
individual behaviour capacity has a symmetric distribution around the sample
mean (Figure 7B and D). Additional statistical tests showing the stability of
the behaviour capacity can be found in Section 6. Therefore, the number of
important trip packages is stable over time on the collective population level,405

with a typical individual maintaining � 15 packages every 5 week.
The collective level stability could be attributed to two distinct hypotheses:

�rst, the behaviour capacity of each individual is stable over time (hypothesis A);
and second, a substantial heterogeneity can be found within the population, with
some individuals increasing their behaviour capacity and others decreasing the410

capacity over time (hypothesis B). To distinguish between hypotheses A and B,
we investigate the behaviour capacity evolution for each individuali , and de�ne
the capacity net gain Gi (t) as the di�erence between the number of trip packages
that are respectively addedA i (t) and removedRi (t) at a speci�c time t; that is,
Gi (t) = A i (t) � Ri (t). We looked at two quantities: the individual average net415

gain across timehgi i and its standard deviation � G i . Speci�cally, we test if an
individual's average gain is smaller than the standard deviation, i.e.,jhGi ij <
� G i , which indicates that the net gain is consistent with hGi i = 0, and suggests
the behaviour capacity does not change in time for individuali . Empirical data
analysis shows that this quantity holds for the majority of the individuals (GC:420
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100.00%, MOBIS: 88.45%). Hence, for most individuals, the average net gain
over the observation period is not signi�cantly di�erent from zero; behaviour
capacity is stable in time at the individual level, consistent with hypothesis A.
Moreover, we �nd that the individual capacity has low variability, with the ratio
between the average individual capacity and its standard deviationjhCi ij =� C i425

typically limited to below 22.7% for the GC dataset and 13.1% for the MOBIS
dataset, demonstrating that 
uctuations of the capacity are relatively small.

5.3. Sensitivity analysis of the stability
The results presented in the previous section heavily rely on the introduction

of the concept trip package and behaviour set. The trip package assists in jointly430

considering individuals' travel mode and activity location choices, and the be-
haviour set helps establish a representative set of these packages to characterise
movement at a given time. We are interested in whether the results still hold
and how the size of the conserved quantity will possibly change when chang-
ing these prerequisites. We conduct the same analysis on the stability of the435

behaviour capacity when altering the de�nition parameters for the main travel
mode, the activity location and the behaviour set. The detailed results of this
sensitivity analysis can be found in Appendix A.2. At the collective level, we
see no evidence of rejecting the null hypothesisH0 : b = 0 at a level of � = 0 :05
for all parameter combinations, indicating that the behaviour capacity does not440

signi�cantly change in time. For all participants in the GC dataset and the
majority of individuals in the MOBIS dataset ( > 76%), the behaviour capacity
is also conserved at the individual level. This analysis suggests that the stability
of the behaviour capacity is independent of the de�nition of the behaviour set
and likely to be an inherent characteristic of human movement. Moreover, we445

observe that the intercept a (i.e., the size of the behaviour capacity) increases
and gradually saturates with the increase in the time window, suggesting the
number of essential trip packages depends on the considered time scale. A be-
haviour set with a smaller time window captures individuals' short-term travel
behaviour, while a larger choice encapsulates travel decisions more prominent450

in the long term.

5.4. Evolution of travel mode choices
The individuals' behaviour set enables us to model the relationship between

activity location choices and travel decision preferences. Here, as the travel
modes are grouped into non-motorised, private vehicle, and public transport455

modes, we create behaviour sets that contain trip packages with a single type
of travel mode. Therefore, the behaviour capacityCi (t) of individual i can be
represented asCi (t) = Cnm

i (t) + Cpv
i (t) + Cpt

i (t), where Cnm
i (t), Cpv

i (t) and
Cpt

i (t) denote the number of trip packages (i.e., capacity) within non-motorised,
private vehicle and public transport behaviour sets respectively. As a more460

detailed decomposition of Ci (t), the evolution of Cnm
i (t), Cpv

i (t) and Cpt
i (t)

provides insights into individual i 's travel mode usages through time.
We report that the average capacity of private vehicle behaviours across

individuals Cpv (t) is a conserved quantity over time, again shown using a linear
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�t of the form Cpv (t) = a + b � t, where b represents the slope anda is the465

intercept, and testing the null hypothesis H0 : b = 0. We �nd no evidence
for rejecting the hypothesis that Cpv (t) does not depend on time (GC: two-
sided P = 0 :32, MOBIS: two-sided P = 0 :98). The analysis for individual net
gain suggests thatCpv

i (t) is stable in time for the majority of the individuals
(GC: 100.00%, MOBIS: 87.97%). The intercepta stabilises at 7:26 for the GC470

dataset and at 7:60 for the MOBIS dataset, indicating that a typical individual
maintains � 7 trip packages with private vehicle mode every 5 weeks. However,
conducting the same analysis for non-motorised capacity and public transport
capacity suggests that the null hypothesis is rejected at a level of� = 0 :05
for both Cnm (t) (GC: two-sided P < 0:001, MOBIS: two-sided P = 0 :02) and475

Cpt (t) (GC: two-sided P < 0:001, MOBIS: two-sidedP < 0:001). Therefore, the
non-motorised capacity and the public transport capacity are not stable in time
for the GC and MOBIS populations. Our analysis suggests certain mechanisms
implicitly govern individuals' private vehicle behaviours, and these constraints
are not found for the public transport and non-motorised mode behaviours.480

5.5. Exploration speed of travel behaviour dimensions
The previous section shows that the behaviour capacity is constant at both

collective and individual levels. To gain insights into this invariant behaviour, we
analyse the time series of the added number of trip packagesA i (t) for individual
i at time t, which essentially captures the updating speed of the behaviour set.485

This section focuses on the GC dataset that contains individuals with longer
tracking periods. We �nd that the mean added number over individuals A(t)
is also constant over time. Using a linear �t in the form of A(t) = a + b � t,
where b represents the slope anda is the intercept, we report that b is not
signi�cantly di�erent from 0 (0 :001� 0:002), and we �nd no evidence to reject490

the null hypothesis H0 : b = 0 (two-sided P = 0 :69). This result suggests that
the behaviour set has an update rate that does not depend on the observation
time. Moreover, we obtain an intercept a = 2 :13 in the linear �t, indicating
that for the behaviour set of a typical individual in the GC dataset, � 2 new
trip packages can be observed per week. Hence, while the behaviour capacity495

is stable over the long term, the behaviour set is constantly evolving, with new
trip packages continuously added to the behaviour set.

We are interested in modeling the updating speed of the behaviour set. For
each individual, we distinguish between previously unobserved trip packages
(exploration) and already observed behaviours (exploitation). The overall ex-500

ploration, represented as the total number of trip packagesTi (t) within the be-
haviour set observed up to timet, is well �tted using a power-law �t Ti (t) / t � i ,
with average � = 0 :62 (95% con�dence interval (CI): 0:617� 0:628, two-sided
P < 0:001). Figure 8 shows this sublinear growth that slows down over time for
the averageT(t), together with the individual �t exponents ai that distribute505

around the average� . Furthermore, as per the behaviour set de�nition, the
overall exploration results from either exploring a new location or a new travel
mode. We quantify location exploration using the number of trip packages that
arrive at a previously unobserved location (L i (t)) and mode exploration using
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the ones that utilise a new travel mode to an already observed location (M i (t)).510

Note that similar to L i (t), M i (t) has an upper limit that grows with the num-
ber of locations explored and is not restricted to the considered classes of travel
mode (i.e., 3 in this study). From the empirical data, we �nd that both L i (t) and
M i (t) can be well approximated using a power-law �t, with average� L ( t ) = 0 :65
(95% CI: 0:644� 0:656, two-sidedP < 0:001) and average� M (t ) = 0 :54 (95%515

CI: 0:537� 0:551, two-sidedP < 0:001), respectively, suggesting that the explo-
ration of locations has a faster speed than the one of travel modes (Figure 8).

Figure 8: The speed of exploration. (A) The total number of trip packages added to the
behaviour set in time (all exploration). All exploration can be classi�ed into exploration of
a previously unobserved location (location exploration) or using a new travel mode to reach
an existing location (mode exploration). The solid lines show the mean speed of exploration
across participants, and the dashed lines represent a power-law �t with exponent � . (B)
The probability density functions of the individual power-law �t exponent � i for the di�erent
explorations.

6. Discussion

This study proposes an analytical framework to consider two aspects of
individual travel behaviour: travel mode and activity location. We reveal that520

individuals maintain a �xed size but constantly evolving behaviour set and
quantify the number of this conserved quantity with regard to the considered
time scale. Moreover, we �nd that the behaviour set has a constant updating
speed. We further quantify the exploration speed of individuals' activity location
and travel mode choices by decomposing this updating process. Note that the525

conserved sizes of the average behaviour capacity are similar for the GC and
MOBIS datasets (Figure 7A and C), and the distributions of the individual
behaviour capacity are also similar across the two datasets (Figure 7B and D),
despite the di�erences in their participants' mobility behaviour (see Section 5.1).
This �nding suggests that the proposed conserved quantity is robust to the530

intensity of an individual's mobility and can be applied as an invariant travel
behaviour indicator for both active and regular populations. Moreover, our
results suggest that travel mode exploration is slower than activity location
exploration. This slower mode exploration is in line with previous literature that

17



suggests mode-location combinations are more repetitive than activity-location535

combinations in individuals' daily mobility (Susilo and Axhausen, 2014, Schlich
and Axhausen, 2003). Here, we further model the exploration speed of di�erent
travel behaviour dimensions over time. Last, our �ndings are based on the study
by Alessandretti et al. (2018), where it is shown that the number of familiar
locations an individual visits is a conserved quantity over time. Compared to540

only focusing on the location visits, the method proposed in this study enables
the consideration of additional travel behaviour aspects, such as the travel mode
choices. Hence, our focus is shifted towards an integrated dimension of travel
behaviour; thereby, the conserved quantify of the behaviour capacity further
con�nes the individual mobility.545

This data-driven study quanti�es the stability of individuals' long-term travel
mode and activity location choices. We believe that this stability is closely
connected to the habitual behaviour (G•arling and Axhausen, 2003), or the psy-
chological inertia e�ects (Gao et al., 2020) in travel choices that have been
extensively discussed in previous literature (Gardner, 2009, Gao et al., 2021).550

Since a behaviour set contains travel behaviours that are more important to
the individual, constructing a behaviour set can be understood as extracting
the instances of habitual behaviours. Here, our contribution is to identify the
magnitude of these habitual behaviours, empirically show their stability over
time, and quantify their exploration rate in di�erent dimensions. Moreover, it555

is widely accepted that individual daily mobility can be decomposed into ha-
bitual behaviours or routines (i.e., stability) and variability on the temporal
dimension (Sch•onfelder and Axhausen, 2016, Zhong et al., 2015). From this
perspective, the constructed behaviour set can be regarded as a representation
of daily mobility stability. The complement set of the behaviour set, including560

the behaviour packages that are unimportant to the individual (i.e., observed
only once or travelled less frequently), corresponds to variability. As shown in
Figure 9, the capacity of the complement set of the behaviour set shows an
apparent seasonality e�ect, which coincides with previous reports using human
activity space measures (J•arv et al., 2014). Therefore, implementing the be-565

haviour set provides a new perspective to analyse the stability and variability
of individual mobility.

Additionally, the results of this study can be applied to the formulation of
alternative choice sets for choice generation problems, which is vital for many
transport-related studies, such as demand prediction and infrastructure plan-570

ning (Leite Mariante et al., 2018, Yao and Bekhor, 2022). Individuals face a
discrete choice problem when choosing locations and travel modes for conduct-
ing the next activity. The choice set conventionally includes all alternative
locations within an area and all the available travel modes for the individual,
which is unrealistic if the choice set is large and likely does not conform to575

how people search in the real world (Chen et al., 2016). The stability of joint
activity location and mode choices and their exploration speeds suggest that
certain combinations are more likely than others and limit the choice set of
individuals in the long term. This knowledge can bene�t the activity location
choice modelling (Zolfaghari et al., 2012, Leite Mariante et al., 2018) and travel580
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Figure 9: The seasonality of the variety seeking behaviours. The trip package numbers that
are not part of the behaviour set show a strong seasonality e�ect.

mode choice modelling (Susilo and Axhausen, 2014) if long-term observations
of individuals' mobility are available, and subsequently improve the e�ciency
of demand generation for microscopic tra�c simulation models (Horni et al.,
2009, Lopez et al., 2018, Horni et al., 2016).

7. Conclusion585

Understanding the long-term intra-person variability is essential for the com-
prehension of activity-travel behaviour, yet this line of research has always heav-
ily relied on the employed dataset. Based on two large-scale longitudinal GPS
tracking datasets involving � 3800 individuals, this study proposes an analytical
framework to jointly consider travel mode and activity location for modelling590

their interactions over the long term. First, we calculate various mobility indica-
tors to characterise the datasets, and show that the trip and location attributes
are strongly correlated for the whole study period. Then, we propose the con-
cept of trip package and behaviour set to capture representative mode-location
choices at any given time. We found that the number of these choices is a con-595

served quantity over time for individuals in both considered datasets, despite
their di�erences in general mobility patterns. A typical individual was observed
to maintain � 15 mode-location choices, of which� 7 are travelled with a
private vehicle every 5 weeks. Last, analysing the dynamics of this stability
suggests that these important mode-location choices are constantly evolving.600

The exploration speed of locations is faster than the one for travel modes, but
they can both be well modelled by a sublinear growth that slows down over time.
Therefore, we provide the following answer to the proposed research question:
The activity location and travel mode choices of individuals constantly evolve,
but the number of the important mode-location options maintains a dynamic605
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balance over the long term, as a result of exploring new modes and locations at
di�erent rates.

Despite the rapid development of the travel behaviour and human mobility
analysis studies (Chen et al., 2016), the understanding of the long-term intra-
person variability has been limited, especially considering multiple aspects of610

individual activity-travel patterns. In this context, this study o�ers a new per-
spective on modelling the interactions between travel mode and activity location
choices, and improves our understanding of individuals' travel decision-making
process. The observed stability in the activity-travel behaviour implies that
the method can be applied to distinguish the stability and variability compo-615

nents of individual mobility. It can also help reduce the choice options when
forming long-term alternative choice sets. Moreover, the mode and location
exploration rate quanti�cation provides basic statistics for building models to
describe long-term travel behaviour evolution.

It should be noted that our results are derived based on two datasets involv-620

ing sample participants from Switzerland, which are speci�c to this developed
country and can not represent general movement patterns across all populations
over the world. The activity-travel patterns of individuals depend on various
location factors, such as lifestyles and transport infrastructure; therefore, the
results of this study should be interpreted with care. We note, however, that625

the mobility indicators of our datasets generally match with previous studies.
It would be interesting to compare our results with samples drawn from other
parts of the world or di�erent socio-demographic groups as a follow-up study.
Additionally, the proposed analytical framework enables straightforward con-
siderations of multiple aspects of travel behaviour simultaneously. Including630

additional behaviour dimensions, such as route choice and start time of the
trip, into the analysis for studying their interaction over time will further en-
hance our understanding of intra-person variability. Nevertheless, we anticipate
that this study will raise the attention to comprehensively consider activity-
travel patterns in modelling individual mobility and open new possibilities for635

designing mobility simulation models.
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Appendix855

A.1. Fitting parameters for radius of gyration and jump length

We consider the following parameter distributions to approximate the em-
pirical distribution of radius of gyration and jump length of the GC and MOBIS
datasets:

ˆ The log-normal distribution of a random variable x, with parameter � and860

� , with probability density function:

P(x) =
1

x�
p

2�
exp

 

�
(ln ( x) � � )2

2� 2

!

ˆ The power-law distribution (i.e., Pareto distribution) of a random variable
x, with parameter � and prede�ned minimum possible value ofxmin , with
probability density function:

P(x) =
�x �

min

x � +1

ˆ The truncated power-law distribution of a random variable x, with param-865

eters� , � and prede�ned minimum possible value ofxmin , with probability
density function:

P(x) = ( x + xmin ) � � exp(� �x )

The �tting procedure is conducted using the Python package powerlaw (Al-
stott et al., 2014). Under the AIC criterion, the distributions of the radius of
gyration and jump length are both best �tted using the log-normal distribution.870

The parameters of the best �t are reported in Table A1.

Table A1: Fitting parameters of log-normal distributions

Jump length Rg

� � � �

GC 7.534 2.526 6.066 1.437
MOBIS 7.419 2.040 4.003 1.843

A.2. Sensitivity analysis for the behaviour capacity stability

This section shows further evidence for the stability of collective and indi-
vidual behaviour capacity. In Table A2, we alter the methods to determine the
main travel mode of trips, the spatial scale of locations, and the length of the875

time windows to construct the behaviour set. We �nd that the behaviour capac-
ity is constant over time for all parameter combinations, and on both collective
and individual levels.
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Table A2: Stability for the behaviour capacity (i.e., Ci (t ) ) with altering main mode determi-
nation, location de�nition and time window �t . For main mode determination, Distance refers
to determining the mode with the largest share of the distance traveled; Hierarchy refers to
the mode with a prede�ned mode hierarchy. Location epsilon refers to the epsilon parameter
employed in the DBSCAN algorithm to determine the locations. We show the intercept a
and slope b of a linear �t in the form of C(t ) = a + b� t , together with the p-value p(b) of the
null hypothesis H 0 : b = 0. We also report the proportion of individuals whose net gain is
consistent with zero (i.e., jhgi ij < � gi ).

Dataset Main mode Location epsilon Time window�t Intercept a Slopeb p(b) jhgi ij < � gi

GC Distance 50 4 13.31 � 3:05� 10� 3 � 5:89� 10� 3 0.61 100 %
GC Distance 50 5 15.51 � 2:38� 10� 3 � 6:61� 10� 3 0.72 100 %
GC Distance 50 6 17.65 3:31� 10� 3 � 7:48� 10� 3 0.66 100 %
GC Distance 50 8 21.53 6:57� 10� 3 � 9:32� 10� 3 0.48 100 %
GC Distance 50 10 25.03 1:07� 10� 2 � 1:15� 10� 2 0.35 100 %
GC Distance 50 15 32.19 1:68� 10� 2 � 1:79� 10� 2 0.35 100 %
GC Distance 50 20 37.97 1:47� 10� 2 � 2:70� 10� 2 0.59 100 %
GC Distance 50 30 46.90 1:53� 10� 2 � 6:86� 10� 2 0.82 100 %
GC Distance 40 5 15.25 � 3:26� 10� 3 � 6:43� 10� 3 0.61 100 %
GC Distance 40 8 21.19 � 5:46� 10� 3 � 9:01� 10� 3 0.54 100 %
GC Distance 40 10 24.65 � 3:42� 10� 3 � 1:12� 10� 2 0.76 100 %
GC Distance 40 20 37.23 � 9:66� 10� 3 � 2:63� 10� 2 0.71 100 %
GC Distance 100 5 16.03 3:55� 10� 3 � 4:96� 10� 3 0.47 100 %
GC Distance 200 5 16.11 4:15� 10� 3 � 5:23� 10� 3 0.43 100 %
GC Hierarchy 40 5 15.29 � 5:14� 10� 3 � 6:45� 10� 3 0.43 100 %
GC Hierarchy 50 5 15.51 2:01� 10� 3 � 6:63� 10� 3 0.76 100 %

MOBIS Distance 50 4 13.01 � 8:08� 10� 3 � 1:70� 10� 2 0.63 95 %
MOBIS Distance 50 5 15.34 9:98� 10� 3 � 2:40� 10� 2 0.68 88 %
MOBIS Distance 50 6 17.54 2:12� 10� 2 � 3:37� 10� 2 0.53 76 %
MOBIS Distance 40 5 14.97 1:94� 10� 2 � 2:36� 10� 2 0.41 89 %
MOBIS Distance 100 5 16.19 5:25� 10� 3 � 2:49� 10� 2 0.83 89 %
MOBIS Distance 200 5 16.28 � 2:61� 10� 2 � 2:45� 10� 2 0.29 89 %
MOBIS Hierarchy 40 5 15.00 2:42� 10� 2 � 2:36� 10� 2 0.30 88 %
MOBIS Hierarchy 50 5 15.37 1:67� 10� 2 � 2:39� 10� 2 0.49 89 %
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A.3. Ethics declarations

We hereby con�rm that ethics approval for data collection and research in880

this study was received from the Institute of Cartography and Geoinformation,
ETH Zurich and Institute for Transport Planning and Systems, ETH Zurich.
All participants of the study have been acknowledged with the data collection
process and delivered informed consent to use data collected from them, con-
�rming that they understand what kind of data will be collected from them and885

that they can withdraw from the study at any moment. We con�rm that all the
research methods were carried out in accordance with relevant guidelines and
regulations.
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