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Abstract

Innovations in transportation and communications technologies influence the develop-
ment of cities and how people move through them. Since the widespread adoption of
smartphones, mobility and information and communication technology (ICT) have
become increasingly interconnected, and there may be a possibility for mobile tech-
nologies to nudge, or influence, individuals to travel using sustainable, and collective
modes. It remains unclear whether social, financial, or ICT incentives would be
effective to nudge the use of sustainable modes. The objective of the study is to
understand the reasons affecting modal choices and how the use of ICTs and personal
opinions and attitudes influence the decision-making process. A discrete choice model
is used to consider five transportation alternatives including three single modes, namely
bicycle, transit, and car, and two multimodal possibilities, bicycle and transit as well as
park and ride (car and transit). The target population for this study are Utrecht
University employees, who travel to a large university campus located in Utrecht, the
Netherlands. The results of the person-based mode-choice model demonstrate that
strong correlations exist between the kinds of mobile applications individuals use, their
attitudes towards travel, their personal characteristics and their transportation mode. No
mobile application seems to favor the use of active modes, which cast doubts upon the
use of ICT to promote sustainable transportation. However, social incentives may play
an important role for certain groups as individuals who are influenced by their friends,
family, and colleagues, are less likely to travel by car or to use park & ride facilities.
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1 Introduction
1.1 Adopting Sustainable Modes

Innovations in transportation and communications technologies influence the de-
velopment of cities and how people move through them. The transportation choices
that people make can have an impact on the overall sustainability of cities as well as
on individuals’ health (Sallis et al. 2004; Jacobson et al. 2011; Wasfi et al. 2013), and
policy makers have developed significant efforts to promote the use of sustainable
modes such as walking, cycling, and transit (Cervero et al. 2002; Ogilvie et al. 2004).
City planners, policy makers, and transportation professionals now face the impor-
tant challenge of developing effective strategies to nudge individuals to travel using
sustainable modes. Regional employment hubs including both privately and public-
ly planned and operated regions are beginning to develop incentive schemes to
promote sustainable commuting. While planning for sustainable travel often encom-
passes the promotion of multi-modal integration including the use of bicycles, rail,
bus, and shared-cars, policy makers often face challenges in implementing systems
that result in individuals’ adopting more environmentally and socially sustainable
travel habits. Yet, since the widespread adoption of smartphones in the early 2010s,
mobility and information and communication technology (ICT) have become in-
creasingly interconnected, and in some cases mobile technologies are being used to
promote sustainable travel (Sunio and Schmécker 2017).

Today, car-share, ride-share, and bike-share systems already rely heavily on com-
munications technology, usually in the form of mobile applications, to connect users
(and potential users) to their preferred modes of transportation. For the users of public
transit systems, real-time information related to vehicle location and crowding also
provide information about the status of the transport services they interact with. In the
future it is expected that the relationship between mode choice and ICT will only
become stronger as mobility service schemes that depend on mobile payments and
offer on-demand personal mobility become more normative. Innovations in transpor-
tation and communications technology are thus uniquely interrelated and bound to one
another through the users of these services and modes of transportation. In other words,
when it comes to mode choice, it is the individual users who connect the pieces of the
ICT and transportation puzzle.

However, nudging policies related to ICTs and mobile applications may not be
equally effective for motivating the adoption of sustainable travel modes among all
commuters. To better understand how individuals adopt and adjust to sustainable and/
or multi-modal travel systems, it is important to understand what motivates individuals
to use particular modes. Particularly, as regions, governments, employment hubs, and
individual employers develop strategies to promote sustainable travel it becomes
necessary to better understand the kinds of strategies that will more likely effect
particular mode users. For example, nudging through the use of mobile phone appli-
cations will only be useful if these applications are used by the desired population. On
the other hand, social incentives related to human relationships and encouragement
maybe be more or less useful for particular segments of the population. Accordingly,
the current research assesses the relationship between individuals’ travel preferences,
use of mobile mobility technologies, habits, opinions, personal characteristics, and
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travel choices. The objective of the study is to carefully assess the use of ICTs related to
personal mobility and identify how distinct groups of people, or population segments
who work at the same employment center, approach modal choice. A discrete choice
model is used to consider five transportation alternatives including three single modes,
namely bicycle, transit, and car, and two multimodal possibilities, bicycle and transit as
well as park and ride (car and transit).

The target population for this study are Utrecht University (UU) employees, who
travel to the UU Science Park campus located outside of the city center, on the
outskirts of the city of Utrecht, the Netherlands. The population travelling to this
location is of interest because the UU Science Park is developing into an employ-
ment and mobility hub, which is attracting firms to relocate to this area and thereby
increasing commuting in and out of the area. Policies are needed to nudge, or
influence, individuals to travel using sustainable, and collective or shared modes.
Yet, it remains unclear how to influence particular mode users, and whether social,
financial, or ICT incentives would be more effective for particular populations.
While financial motivations in transport have been previously studied (Martin
et al. 2012), social and ICT motivations in mode choice are not frequently consid-
ered. Accordingly, to better understand mode choice, in this study we consider an
individual’s use of mobile applications, the extent to which an individual reports
being influenced by others in their community, as well as other personal and
attitudinal variables.

The following section of this study presents a brief review of the relevant literature
on the relationship between travel experience, values, motivations, mode choice, and
ICTs. Next, the context, data and methodological approach are presented. Finally, the
study results are presented and discussed.

1.2 Travel Experience, Values, Motivations, Mode Choice and Information
and Communication Technology

Mode choice has often been found to be significantly associated with individuals’
perceptions regarding travel cost, distance, and time (Button 2010; Turcotte 2011).
However, researchers have become increasingly interested in understanding how
personal or societal motivations and values may play an important role in mode
choice (Bohte et al. 2009). Recent work has shown that issues relating to motivations
and values affect levels of travel satisfaction and influence mode choice decision-
making processes (Gountas and Gountas 2007; Lai and Chen 2011; St-Louis et al.
2014; Simsekoglu et al. 2015). The majority of these studies concentrate primarily
on understanding travel satisfaction and often account for variables such as age,
gender, and employment status. Often, however, limited or no consideration for
personal motivations or values is presented in these analyses (van Lierop et al.
2018). Few researchers have begun to accept that non-mode specific factors are
often related to how individuals experience travel, suggesting that personal motiva-
tions, values, and preference are important considerations for understanding mode
choice, and that therefore these underlying personal motivations may also play an
important role in the economic and social well-being of cities (Olsson et al. 2013; St-
Louis et al. 2014). In additional, attention has been given to improving how
individuals’ attitudes and characteristics can be included in mode choice analyses,
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and findings reveal that attitudes and perceptions are likely to affect choice making
processes (Bahamonde-Birke et al. 2017).

Individuals’ travel attitudes, perceptions, and personal characteristics have also
been used to better understand how different groups of people, or population
segments, make choices about travel (Molander et al. 2012; van Lierop and El-
Geneidy 2016). Specifically, mobility companies including transport agencies and
bike-share companies have begun to show an increasing interest in understanding
how different groups of customers’ attitudes and perceptions are related to travel
satisfaction, loyalty, and mode choice (Transportation Research Board 1998; Chou
et al. 2014; van Lierop et al. 2018).

The availability of new communication technology also influences personal travel.
For example, ride hailing and car sharing companies often rely on mobile technologies
for booking, and the quality of these apps influences loyalty (Nguyen-Phuoc et al.
2020). Both docked and dockless bicycle-sharing programs and other forms of shared
micromobility also rely on (potential) users to interact with mobile applications to
connect them with shared vehicles (Shaheen et al. 2020). Route planning mobile
applications have also increased with popularity since the early 2010s when smart
phones became more widely available in many regions, and GPS data from mobile
phones has been used to determine mode use (Reddy et al. 2010). Sevtsuk and Ratti
(2010) also used the aggregate data of mobile networks to assess urban daily mobility
patterns.

While it is clear that mobile phones and travel applications can be used to assess
travel patterns and behavior, only limited evidence exists regarding how different
segments of the population interact with mobile travel applications before and
during travel. For example, a recent study on wayfinding suggested that compared
to older cyclists, younger individuals relied significantly more on the Google maps
mobile application and less on physical signage for route information (van Lierop
et al. 2020).

The present study considers how an individual’s mode choice is affected by his or
her attitudes, perceptions, personal characteristics and use of ICTs. Latent factor
analysis and structural equation modeling are used to identify groups with similar
attitudinal traits towards travel, and a discrete choice model is used to assess how these
personal traits are related to an individuals’ mode choice. The methodology section
below provides the details of the analysis.

2 Data
2.1 Context

The study targets faculty and staff of Utrecht University who commute to Utrecht
Science Park, a large university campus located in the east of the City of Utrecht in the
Netherlands. The population of the City of Utrecht was 352,866 in 2019, which
represents a nearly 50% growth in the population over the last 20 years
(AlleCijfers.nl 2019). The campus is located away from the dense urban city center
and is easily accessible by car, public transit, and bicycle. As mentioned previously,
the target population does not represent the Utrecht population, but is used to better
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understand how to promote sustainable travel to and from a growing employment
hub. Specifically, it assesses the relationship between individuals’ mode choice,
their attitudes towards travel, personal characteristics and mobile app usage related
to travel.

The data used in this research is obtained from an online commuter survey targeting
all Utrecht University staff and faculty by including a link to participate in the online
survey on the employee internal digital network. Prizes were offered to participants as
incentives to take part in the survey. The survey was active for 27 days in April and
May 2019. Since survey participants were not sent an invitation email, it is not possible
to calculate an accurate response rate. However, 443 full responses were collected from
the 5100 employees whose offices are located at the Utrecht University Science Park.
Since questions were not mandatory to answer, it was possible for respondents to leave
questions blank. Accordingly, for the purposes of this analysis 299 valid responses are
used.

2.2 Survey Design

The survey was designed to collect information about respondents’ commutes to the
university campus on a typical good weather day as well as a typical bad weather day.
Respondents were asked to describe their commutes by specifying the mode used and
the number of minutes using the mode. Respondents were also asked to rate their
satisfaction with various trip attributes, as well how they used technology (mobile apps)
during various phases of their trip. The survey asked participants about the kinds of
travel-related mobile applications they used on a daily basis, and whether applications
were used for route planning, scheduling, or mode selection. Additionally, the survey
was designed to gather information about respondents’ thoughts and opinions on
various aspects of travel as well as their socio-demographic information. Table 1
presents the summary statistics and modal composition of the sample, and reveals the
percentage of faculty and staff who already use multiple modes to travel to work on a
regular day. Nearly half of the sample uses a bicycle to commute to work, and nearly
one in five commutes by private car. A quarter of the sample uses transit in combina-
tion with bicycle or a private car during their commute to work, and 8% use only
transit. While this mode share may not be common internationally, it is representative
of'the City of Utrecht where in 2018 47% of trips were made by bicycle and 18% by car
(Stumpel and van Weperen 2019). Walking was not reported as a primary mode, as the
location of and access to the employment hub makes this an unlikely choice. Accord-
ingly, less than 1% of the sample reported walking to work without the use of other
modes, and these responses were not taken into consideration in this analysis. The
mode categories presented in Table 1 are used throughout this analysis. Finally, when
asked about the role that mobile applications play in their travel planning, 10% reported
using it for mode selection, 27% to select the best travel time and 26% used apps to
select the best route. The most popular travel apps used were the local NS train app
(16%), Google maps (16%) and the local transit app 9292 (14%).

In addition to mode use, individuals were categorized by their reported use of
travel applications. Half of the sample made use of travel applications related to
mapping/directions, transit schedules and routes, road congestion, and weather.
Forty percent used mobile travel applications before or during their commute to
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Table 1 Summary Statistics

Variable
Age Average: 42 Min: 21/
Max: 66
Gender Male: 114 (38%)
Female: 185 (62%)
Number of people in household 1 person 69 (23%)
2 people 110 37%)
3 people 34 (11%)
4 people 72 (24%)
5 people or more 14 (4%)
Number of children in the household No children 209 (70%)
1 child 25 (8%)
2 children 55 (18%)
3 or more children 10 3%)
Number of cars in the household None 83 (28%)
1 car 152 (51%)
2 cars 60 (20%)
3 cars or more 4 (1%)
Mode Bicycle 147 (49%)
Bicycle + Transit 55 (18%)
Transit 25 (8%)
Park & ride 17 (6%)
Car 55 (18%)
T use apps because the help me select the best (Please note: mode of transport for a given trip 29 (10%)
multiple responses possible)
time to make a given trip 82 (27%)
route for a given trip 78 (26%)
They do not help me with travel 16 (5%)
planning
N/A, T generally do not use mobile 156 (52%)

travel applications

work, and 25% of the total sample reported using transit related applications.
Finally, the survey asked participants to state their agreement and the level of
importance on a scale of one to five with various statements which are presented

in Table 2.

3 Methodological Approach

As the primary goal of this study is to understand the reasons affecting modal choices
and how the use of ICTs and personal opinions and attitudes influence the decision-
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making process, the analysis is conducted using hybrid choice models with latent
variables (also known as an integrated choice and latent variable model) accounting
for attitudinal traits (McFadden 1986; Ben-Akiva et al. 2002). The main reason for
making use of this approach is that, while it does not necessarily offer a better
predictive capability (Vij and Walker 2016), it allows to establish how unobservable
constructs (e.g. attitudinal or perceptual latent variables) explain both the model choices
as well as attitudinal indicators collected on a Likert scale. This approach also makes it
possible to consider to which extent the preference for a given alternative can be
attributed to unobservable traits. In this study, we focus on attitudinal traits (i.e.
individual specific latent constructs), which depend exclusively on the characteristics
of the individuals and not to exogenous characteristics of the alternatives (Bahamonde-
Birke et al. 2017), such as the importance that individuals set upon different services or
how they interact with their social environment (see Table 2).

Modal choices are usually evaluated on the basis of discrete choice models (Train
2009; Ortuzar and Willumsen 2011) which, in turn, customarily rely on random utility
theory (Thurstone 1927; McFadden 1974). Under these assumptions, it is postulated
that when confronted with a choice-set A,, consisting of different alternatives i,
individuals ¢ will opt for the alternative that maximizes their expected utility U,. Then,
it is assumed that g will choose 7, if and only if:

Uiq > qu Vj?ﬁl (1)

Consequently, the probability with which a given individual will opt for i is equal to the
probability that eq. [1] holds. The utility Uj,, in turn, can be expressed as the sum of a
representative utility V;, (accounting for all variables the analyst controls for) and error
component &, representing all factors affecting the decision that are ignored by the
analyst so that:

i;; = BuXig @)

where Xj,, is a vector of observed attributes of the alternative i, and observed
characteristics of the individual ¢, and [3,; are vectors of parameters to be estimated.
giq can follow any desired distribution. Assuming i.i.d. EV1 error terms leads to
well-known MultiNomial Logit model (MNL), which has the particularity of leading
to closed-form probability function (Domencich and McFadden 1975). While the
latter assumptions are fairly restrictive, they can be relaxed without giving up the
convenient MNL probabilities, by adding m error terms v, (to be considered via
simulation) representing any desired distribution. This specification leads to the
Mixed Logit model (ML) (Cardell and Dunbar 1980), and it can be expressed e.g.
in the following fashion:

U,'q = V,'q + Zymiq + Eig (3)

where if we assumev,,;; do not simply represent a given unobservable distribution (to
be inferred on the basis of the choices), but underlying latent constructs accounting for
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unobserved attitudes affecting both the observed choices as well as the stated indicators
Iy, We can assume that:

qu = %%nk'”mq + Uig Vmig = ﬁmi'nmq (4)

In eq. [4], Y and [3,,; are parameters to be estimated, while vy, represents an error term.
As the indicators /j, are stated on a Likert scale, it is expedient to model them as ordinal
outcomes by assuming that vy, follows a standard Logistic distribution, which leads to
Ordinal Logit (OL) probabilities.

When framing the model in this fashion, 7,,, represents an individual specific latent
construct (latent variable — LV), which explains both the choices and the indicators;
hence, (depending on the indicator being explained), it can be interpreted as an
underlying attitudinal trait affecting both kinds of observations and correlating attitu-
dinal indicators and modal choices. It is important to note that, as previously men-
tioned, 7, is not a deterministic value but a distribution, which is consistent with our
assumptions, as the modeler cannot positively observe an underlying trait (like an
attitude), but only establish a probability of an individual ¢ being associated with a
given value for the LV 7,,. Consequentially, 7,,, is usually modeled via structural
equations as:

Tng = CmyYq + Simg (5)

Where Y, represents a vector characteristics of the individuals (which may or may not
overlap with Xj,), while c,,, is a vector of parameters to be estimated and ¢, represents
an error term giving rise to the distribution of 7,,,. The parameters estimated for the
structural equation (eq. [5]) v, imply that depending on their observed characteristics,
individuals ¢ are likely to exhibit different attitudinal traits. Because of identifiability
issues, it is customary to normalize w.l.0.g. both the expected value as well as the
standard deviation of gkq.l

The former assumptions lead to the following integrated likelihood function, in
which the first element represents the likelihood of the chosen alternative being selected
(with y taking and integer value if the alternative is selected and zero otherwise) and the
second element stands for the likelihood of observing a given set of indicators. Finally,
the third element represents the mixing distribution:

L= iP(le, 1; 8,€)-P(I|m; 7, 0)-f (X, Y3, 6)dls (6)

As previously mentioned, if the elements of ¢ are assumed to follow an EV1 distribu-
tion, the first element of [6] is given by an MNL probability-kernel. Different

"' Under the assumption that the distribution considered to represent Gkq can be characterized using two
parameters (e.g. Normal, Logistic, or Uniform distributions, among many others).
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representations can be used to describe the probability functions associated with the
second element, but it is customary to either assume a continuous representation of the
probabilities (Ben-Akiva et al. 2002) or to rely upon an ordered logit (OL) probability
kernel (Daly et al. 2012; Bahamonde-Birke and Ortizar 2017).

As the integral depicted in eq. [6] cannot be reduced to a closed-form expression, it
is customary to solve it relying on numerical techniques, such as maximum simulated
likelihood estimation (Bhat 2001), in which the integral is replaced by the average of a
large number of simulated draws depicting the distribution over which the variables
ought to be integrated.

4 Results

Besides the objective of better understanding the relationship between mode choice and
the use of ICTs, another related goal of this study is to identify how different groups of
people, characterized in terms of their attitudinal traits, approach modal choices. This
allows for understanding the importance of ICT-use in modal choices relative to the
importance of the intrinsic characteristics of the individuals. For this purpose, it is
necessary to identify potential attitudinal traits affecting modal choices and to consider
an appropriate form to capture them making use of the available information. There-
fore, latent factor analysis and structural equation modeling are conducted to identify
attitudinal traits and to consider how different individuals (characterized in terms of
their socio-economic information) relate to these attitudinal traits.

As a first modeling step, factor analysis is employed to understand how the collected
indicators relate to each other, and in order to validate the hypothesis on how under-
lying attitudinal traits are being captured by the indicators. First, Principal Component
Analysis was employed using SPSS software to understand how the survey questions
relating to mobility needs and expectations relate to each other. This statistical method
captures variability in the data and creates factor groupings by considering the total
number of included survey questions. Questions related to transport attitudes and the
use of mobile applications for travel, and that are asked using Likert-scale to measure
agreement (1 = strongly disagree, 5 = strongly agree), were included in this phase of the
analysis (Table 2). To maximize the variance of the squared loadings, Varimax rotation
was used with Eigen values greater than one. This allows to confirm our hypothesis and
to identify four latent variables describing traveller types or segments. The results of the
factor analysis can be found in Appendix I. We constrain the analysis to include only
loadings that are greater or less than .3 or—.3 respectively.

The results allow us to differentiate four clusters of indicators, for which we assume
the existence of four different underlying latent variables, namely “car-oriented peo-
ple”, “bicycle-oriented people”, “influenced by others”, and “transit-oriented people”.
These latent variables were related to the aforementioned clusters on the basis of the
results of the factor analysis, but also taking theoretical consideration into account. This
is why the item concerning an individual’s comfort using public transit is associated
with the latent variable “transit-oriented” only, and not with “car-oriented”” despite the
results of the load factors. The results indicate that the latent variable “car-oriented
people” groups together individuals who place privacy as greatly important, who state
they need a car, value the importance of car parking, and are not focused on prioritizing
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environmentally friendly modes of transport. “Bicycle oriented” individuals place a
great deal of importance on the availability of bicycle parking, the health benefits of
travel, and select their mode based on the overall enjoyment of the trip. Latent variable
three is composed of individuals whose mode choice in largely influenced by the
opinions of their families, friends, and colleagues. Finally, “transit-oriented” individ-
uals are characterized by the fact that they feel comfortable using public transit, their
value of multi-tasking, and the usage of mobile applications that help them select the
best route.

In a second step, using SPSS AMOS, we consider how the individuals’ socio-
demographic information relates to the previously identified latent constructs (at this
stage, it was assumed that the collected indicators were a continuous expression of the
underlying latent variables). This information is used to facilitate the specification of
the utility functions and of the structural equations of the hybrid choice model.

4.1 Modeling Mode Choices

The main aim of this work is to consider how mode choices relate to the use of ICTSs, in
this case mobile applications, individuals’ personal characteristics and attitudes. Con-
sequentially, a discrete choice model on modal choices is estimated to assess the
relationship between mode selection, attitudes, and the usage of mobile applications.
The model considers five transportation alternatives, namely: bicycle, transit, car,
bicycle and transit, and park and ride (car and transit) and as the focus is set upon
the individuals (in terms of their use of ICT and attitudinal traits), no characteristics of
the alternatives are considered.

In line with the methodological framework described in Section 3, hybrid discrete
choice models were estimated. The information arising from the analysis described in
Section 4 was used in the specification of the models; however, the models were
estimated by maximizing the likelihood of observing the stated indicators as well as the
modal choices simultaneously. Modal choices were considered relying on a mixed
MNL probability-kernel, while for the indicators mixed OL-probability kernel were
used. The error terms of the LV (eq. [5]) were assumed to be normally distributed, and
their variance was normalized to 1 w.L.o.g. To compute the simulated choice probabil-
ities, 1000 Modified Latin Hypercube Sampling (Hess et al. 2006) were considered.
Alternatives involving cars (car, and park and ride) were considered to be available if
the individual both reported having a driver’s license and had a car available in the
household, while alternatives involving bicycles (bicycle, and bicycle and transit) were
considered to be available if the number of adults’ bicycles in the household was
greater than one. Because of numerical issues, the first two levels of the indicator
“Importance of car parking” were considered as a single category?; consequentially the
measurement equation associated with this indicator had only four possible outcomes
(opposite to five for the remaining indicators). Biogeme (Bierlaire 2020) was used to
perform the estimations.

2 Independent tests showed that no statistically significant difference existed between the first two thresholds
of the measurement equations associated with the indicator. Consequentially, this measure should not have
any impact on the explanatory capability of the model.
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Figure 1 presents a diagrammatic representation of the best model being estimated
and Table 3 reports the results of the structural equations and of the mode choice model
(considering cycling — bicycle - as the reference category). The results of the measure-
ment equations (equations relating the LV with the indicators) are presented in Appen-
dix II. We relied upon the likelihood ratio test to select the hybrid model presented
below. In addition, to assess model fit, we used the final log likelihood of the hybrid
model (—3543.33), the choice model (—212.69), and indicators’ measurement model
(—3330.64-9 indicators).

One-tailed statistical tests are used when there is an evident notion on the direction
of the effect of a given explanatory variable, in accordance with modeling hypothesis
(e.g. it is assumed that the number of cars in the household must have a non-negative
impact on the proclivity of car-oriented people). Otherwise, two-tailed test are used.

The table shows that several socio-demographic factors influence the latent factors
representing individuals who are considered to be car-oriented (LV1 car-oriented),
bicycle-oriented (LV bicycle-oriented), and influenced by the travel behavior of others
(LV influenced). LV transit-oriented, was not found to have any statistically significant
impact on mode choice, likely due to the fact there is limited variability in the
population. This variable is therefore not included in the final model. The latent variable
representing being car-oriented is influenced by the number of cars, children, and people
in the household. Households with lower numbers of adults are more likely to be car-
oriented. In addition, as the number of people and cars increase in a household, so does
the likeliness that individuals in the household will be car-oriented. The latent variable
that represents being bicycle-oriented is influenced by an individual’s age and the
number of cars and children in the household. Individuals who live in households with
more children are more likely to be bicycle-oriented, and individuals who are middle
aged and live in households with fewer cars tend to be less car-oriented. The relationship
between the increasing number of children and being bicycle-oriented may be due to the
fact that households with children tend to use bicycles more often in the Netherlands
since schools promote the use of bicycles for transport purposes (Pucher and Dijkstra

# children LV1: Car Importance of privacy I
oriented Necdalcar I
# people
Importance of car parking
# cars
LV2: Bicycle Not focused on environment
Middle-aged oriented
Old-aged Importance of bicycle parking I
LV3: Influenced Import. of enjoyment of trip I
Bycthers Importance of health effects |
Female Influence of family and friends
Influence of colleagues
Map App Utility g
Transit App

Choice

Fig. 1 Diagrammatic representation of the selected model
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Table 3 Model Results

Variable Equation Estimate Standard Deviation  t-test
Number of cars S.E. LV Car oriented 1.18 0.119) 9.91*
Number of people S.E. LV Car oriented -0.411 (0.126) —3.26%*
Number of children S.E. LV Car oriented 0365 (0.152) 2.4%*
Middle-aged S.E. LV Bicycle oriented —1.31 (0.235) —5.59%*
Number of cars S.E. LV Bicycle oriented —0.299  (0.148) —2.02%*
Number of children S.E. LV Bicycle oriented  0.364  (0.137) 2.65%*
Middle-aged S.E. LV Influenced —0.847 (0.343) —2.47%*
Old-aged S.E. LV Influenced -1.3 (0.362) —3.59%*
Number of cars S.E. LV Influenced -0.901 (0.209) —4.31%*
Number of people S.E. LV Influenced 0392 (0.127) 3.08%*
ASC Bicycle Utility Bicycle (1} (fixed) -
ASC Transit Utility Transit —6.92 (0.985) —7.03%*
Female Utility Transit 3.19 (0.847) 3.76%+*
Transit app user Utility Transit 7.11 (0.855) 8.31%
Transit app user * Middle-aged Utility Transit -1.81 (0.948) —1.91%
LV Bicycle oriented Utility Transit —-1.08 (0.462) —2.34%*
ASC Car Utility Car —4.58 (1.09) —4.22%%
Female Utility Car -1.47 (0.607) —2.42%*
Map app user Utility Car 4.81 (0.957) 5.02%
LV Car oriented Utility Car 2.1 (0.504) 4.16%*
LV Bicycle oriented Utility Car -1.27 (0.372) —3.41%*
LV Influenced Utility Car —0.648  (0.356) —1.82%
ASC Bike+ Transit Utility Bike+ Transit -2.78 (0.344) —8.08**
Transit app user Utility Bike+ Transit 6.47 (0.904) 7.15%
Transit app user * Middle/Old-aged Utility Bike+ Transit -1.38 (0.787) —1.75%*
ASC Park & Ride Utility Park & Ride —4.53 (1.07) —4.23%*
Map app user Utility Park & Ride 4.2 (0.943) 4.46*
Map app user * Middle/Old-aged Utility Park & Ride -1.87 (1.08) —1.72%%
Transit app user Utility Park & Ride 1.68 (0.866) 1.94%*
Transit app user * Old-aged Utility Park & Ride —4.22 (0.958) —4.41%*
LV Car oriented Utility Park & Ride 1.33 (0.469) 2.84*
LV Bicycle oriented Utility Park & Ride —0.666 (0.45) —1.48%
LV Influenced Utility Park & Ride —0.637 _ (0.385) —1.65*
Number of observations 299

Number of parameters 10 (SE)+22 (DC)+36 (ME)
Log-likelihood DC component -212.69

Log-likelihood measurement model —3330.64

Log-likelihood overall model —3543.33

*one-tailed test; ** two-tailed test
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2003). Finally, people who are older or middle aged are less susceptible to other
people’s opinions than younger people, and individuals who live in households with
more people are more susceptible to other people’s opinions.

The results of the mode choice model reveal that there is a clear relationship between
ICT use and mode choice, and while not unexpected, does reveal mobile application
use is often mode-specific. For example, an unsurprising finding is that individuals who
use a mobile transit app are more likely to commute using transit or another combined
mode involving transit (bike + transit or park & ride) than commuting by car or bike.
Along these lines, the effect of ICT usage is similar on transit and on bike + transit
(which implies a similar usage on both alternatives), while being stronger than on park
& ride. Also, the effect is found to be substantially stronger for younger than for older
individuals, implying that being an app user has a much greater impact on the former.
Even, in the case of older individuals, being a transit app user has no positive impact on
the propensity of communing using park & ride.

Similarly, we found a strong correlation between the use of map-related mobile
applications and mode choices involving car (car, and park & ride). However, the
correlation among using a map app is stronger for car commuters than for users of park
& ride facilities. As in the previous case, ICT use has a stronger effect on younger
individuals (although in the case of car only, no differences by age group could be
identified).

It is important to note that in the case of park & ride the effects of being either a
transit or app map user were independently weaker than on other alternatives. None-
theless, both effects are additive, reflecting the multimodal nature of the alternative,
which profit from both navigation and transit apps.

Furthermore, the findings reveal that females are more likely to use transit and less
likely to travel by car for commuting than males. However, no gender related effects
were identified in association with the use of apps and mode choice. Furthermore, and
unsurprisingly, bicycle-oriented people associate motorized transportation (transit, car,
and par and ride) with a negative utility when contrasted with the reference alternative
(bicycle); this disutility is similar across alternatives and it does not extend to the mixed
mode involving a bicycle (bike and transit). Similarly, car-oriented individuals tend to
prefer cars over other alternatives, while it is also possible to identify a positive utility
associated with park and ride (also the effect is weaker than in the case of unimodal
cars). Finally, individuals who are influenced by their friends, family, and colleagues,
are less likely to travel by car or to use park & ride facilities, which is consistent with
the expectations, as these forms of transportation are usually considered as less-
desirable from a societal and individual-health viewpoint (De Groot et al. 2008;
Mueller et al. 2015).

5 Discussion

This study assesses the relationship between mode choice, travel attitudes, the use of
mobile mobility applications and personal characteristics among staff and faculty
members at a large employment hub in Utrecht, the Netherlands. The results of the
person-based mode-choice model demonstrate that strong correlations exist between
the kinds of mobile applications individuals use, their attitudes towards travel and their
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transportation mode. This means that there is a strong correlation between the kinds of
mobile applications that an individual uses and the mode they use. While in some cases
these findings are unsurprising, this is not always the case. For example, map-based
mobile applications could be used by all mode users but are strongly associated with
car drivers. Transit applications are used by all modes that include transit usage
including combinations with driving and cycling. The effect of using transit applica-
tions is similar for transit only and for bike and transit while being required to be used
in combination with a navigation app to achieve a similar effect in the case of park &
ride. Finally, it is important to note that no mobile application seems to favor the use of
active modes. A possible explanation for the phenomenon is that active modes are less
dependent on the conjuncture and, consequentially, benefit less from real-time infor-
mation. Given the latter, it is debatable whether the use and promotion of ICT
technologies can favor active transportation for commuting.

The results also show that the use of mobile applications by young individuals
exhibit a stronger correlation with their mobility behavior than in the case of middle-
aged and older users. These results quantitatively add to the qualitative results by van
Lierop et al. (2020) who found that younger cyclists relied more heavily on mobile
mapping applications compared to older ones. No significant differences regarding ICT
use and modal choices were found in association with gender. This finding also
suggests that because certain mode users use mobile travel applications more than
others, ICT based nudging policies will only be effective for certain individuals, while
social incentives may be more successful for others. The model results clearly demon-
strate that in order to motivate an entire population to increase their use of sustainable
modes a multi-faceted strategy is necessary as different populations segments are more
or less likely to be influenced by ICT and social incentives. The choice model results
suggest that individuals who are influenced by their friends, family, and colleagues, are
less likely to travel by car or to use park & ride facilities. These findings are related to
those presented by Alfonzo (2005) who applied a social-ecological model to under-
stand individuals’ decisions to walk for transportation. Other authors have also sug-
gested that mode selection is influenced by social context (Willis et al. 2015), and
policies that are developed based on the social understanding of mode choice are more
likely to be effective. Therefore, in the case of commuting to the UU Science Park,
social incentives by colleagues and friends may be effective to stimulate continued use
of active modes, but is unlikely to be effective in motivating drivers and park & rides
users to shift to using sustainable modes. For this group, motivations related to financial
incentives or work location may be more effective. This is especially true for older
commuters who, compared to younger commuters, are less likely to be influenced by
others.

Finally, the results of the analysis demonstrate that currently commuters who do use
mobile travel applications related to travel tend to use them to determine their route
choice and travel time. While this study focuses on travel attitudes, a major limitation is
that level-of-service variables such as overall travel times, mode availability, and travel
costs are not included. Future studies should test the impact of the latent constructs
while controlling for such level-of-service variables as well as land use variables.
Further research is also needed to better understand how mobile applications can be
used to better assess and understand how sustainable mode usage can be nudged using
mobile applications. In the future, studies should also set out to better understand what

@ Springer



368 van Lierop D., Bahamonde-Birke F. J.

influences individuals to select modes which are not only sustainable, but also shared
and collective. Further research in this area is needed to provide insight into how
regions can motivate the adoption of sustainable and collective modes of transportation
both today and in the future. Moreover, in the future, cities will need to consider multi-
modal transportation as a sustainability goal since regions with mode shares distributed
between personalized automated vehicles, shared automated vehicles, rail, cycling,
walking, as well as other modes are not only likely to see reductions in vehicle miles
travelled and congestion, but also to experience increases in the overall health of
populations. While the results of this study demonstrate that multi-modal travel is
already an attractive option for many, the results of the analysis suggest that users who
make multi-modal trips such as park & ride currently use one mobile application per
mode, revealing a potential need for integrated mobility applications. Since communi-
cations technologies are becoming increasingly key to connecting people with their
preferred modes, it is fundamental to understand the factors that influence individuals
to remain loyal to sustainable transportation when other modes are available for the
same trip both today, and in the future.

Appendix

Table 4 Factor analysis

Factor Analysis: Rotated Component Matrix

Car Bicycle Influenced Transit
oriented oriented by others oriented
Importance of privacy ,565 425
Need a car 674
Importance of parking ,784
Focused on the environment -, 709
Importance of bicycle parking ,685
Importance of the enjoyment of the trip 157
Importance of the health effects 732
Influence of family and friends ,906
Influence of colleagues 915
Feel comfortable using public transit -,594 441
Importance of multi-tasking 787
Select route based on app ,351 ,630

Extraction Method: Principal Component Analysis
Rotation Method: Varimax with Kaiser Normalization
Variance: 62.6%
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Table 5 Measurement Equations

Variables Value St. Dev
Indicator /mportance of privacy; Threshold 1 -1.67 0.257
Indicator Importance of privacy; Threshold 2 -0.273 0.243
Indicator Importance of privacy; Threshold 3 1.09 0.249
Indicator Importance of privacy; Threshold 4 2.9 0.309
Indicator Need a car; Threshold 1 —0.494 0.244
Indicator Need a car; Threshold 2 1.03 0.236
Indicator Need a car; Threshold 3 1.81 0.251
Indicator Need a car; Threshold 4 3.01 0.274
Indicator Importance of car parking; Threshold 1 0.141 0.254
Indicator Importance of car parking; Threshold 2 0916 0.254
Indicator Importance of car parking; Threshold 3 2.56 0.276
Indicator Not focused on environment; Threshold 1 -3.89 0.339
Indicator Not focused on environment; Threshold 2 -2.66 0.274
Indicator Not focused on environment; Threshold 3 -1.11 0.245
Indicator Not focused on environment; Threshold 4 0.824 0.248
Indicator Importance of bicycle parking; Threshold 1 -2.59 0.218
Indicator Importance of bicycle parking; Threshold 2 —-1.81 0.202
Indicator Importance of bicycle parking; Threshold 3 —0.867 0.192
Indicator Importance of bicycle parking; Threshold 4 0.628 0.194
Indicator Importance of enjoyment of trip; Threshold 1 —5.53 0.531
Indicator Importance of enjoyment of trip; Threshold 2 —4.12 0.295
Indicator Importance of enjoyment of trip; Threshold 3 -2.13 0.207
Indicator Importance of enjoyment of trip; Threshold 4 0.253 0.193
Indicator Importance of health effects; Threshold 1 —4.37 0.345
Indicator Importance of health effects; Threshold 2 -2.72 0.226
Indicator Importance of health effects; Threshold 3 -1.13 0.195
Indicator Importance of health effects; Threshold 4 0.689 0.197
Indicator Influence of family and friends; Threshold 1 —0.608 0.317
Indicator Influence of family and friends; Threshold 2 1.28 0.327
Indicator Influence of family and friends; Threshold 3 2.96 0.377
Indicator Influence of family and friends; Threshold 4 4.72 0.583
Indicator Influence of colleagues; Threshold 1 —0.0105 0.32
Indicator Influence of colleagues,; Threshold 2 2.03 0.344
Indicator Influence of colleagues,; Threshold 3 3.31 0.394
Indicator Influence of colleagues; Threshold 4 4.73 0.57

t-tests agains zero not relevant, given the nature of ordered model and thersholds
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