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Abstract
Cities around the world face major challenges caused by the extensive use of private cars. To counteract these problems, a new
paradigm is necessary which promotes alternative mobility services. ‘Smart mobility’ refers to a new mobility behaviour that
makes use of innovative technical solutions, such as the IT-supported combination of different alternative mobility services
during a trip from an origin to a destination. Unfortunately, relatively few customers use apps that provide recommendations for
smart mobility and there is limited knowledge about the desires, priorities and needs of potential customers. To fill this gap, we
use conjoint analysis to explore differences in smart mobility app preferences across groups of people with varying mobility
behaviour. Our study also considers the effect of age and place of residence on preference structures. Our results show, for
example, that only car drivers do not consider the price of the smart mobility app to be particularly important for their selection
decision.
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Introduction

Big cities and towns around the world are challenged to
change the mobility behaviour of their citizens and of
commuters from rural areas away from predominantly pri-
vate car use and toward using alternative mobility services
such as public transport or bike- and car-sharing. Such a
new mobility behaviour paradigm would help cities ad-

dress important challenges, including traffic congestion
and insufficient parking, as well as air and noise pollution
(Benevolo et al. 2016; Schreieck et al. 2018b; Willing
et al. 2017a, 2017b). Given that the percentage of the
worldwide population living in urban areas is expected
to increase from 50% in 2015 to 66% by 2050 (United
Nations Department of Economic and Social Affairs
2015), these challenges are pressing.

Responsible Editor: Rainer Alt

* Thomas Schulz
Thomas.Schulz@hs-neu-ulm.de

Markus Böhm
Markus.Boehm@in.tum.de

Heiko Gewald
Heiko.Gewald@hs-neu-ulm.de

Helmut Krcmar
Krcmar@in.tum.de

1 Center for Research on Service Sciences (CROSS), Neu-Ulm
University of Applied Sciences,
Wileystraße 1, 89231 Neu-Ulm, Germany

2 Chair for Information Systems, Technical University of Munich,
Boltzmannstraße 3, 85748 Garching bei München, Germany

https://doi.org/10.1007/s12525-020-00446-z

/ Published online: 16 November 2020

Electronic Markets (2021) 31:105–124

http://crossmark.crossref.org/dialog/?doi=10.1007/s12525-020-00446-z&domain=pdf
http://orcid.org/0000-0002-7865-5088
mailto:Thomas.Schulz@hs-neu-ulm.de


One opportunity to support behavioural changes is enabled
through ongoing technical progress and the proliferation of
information technology (IT). In the recent past, particularly
the smartphone has fundamentally changed the provision of
services, including mobility services. The use of smartphone
apps makes alternative mobility services such as car-sharing
(Firnkorn and Müller 2011; Hildebrandt et al. 2015), bike-
sharing (Shaheen et al. 2010), or ride-sharing (Rayle et al.
2014; Teubner and Flath 2015) easier and more comfortable
to use. As a result, the importance of private car ownership
and the emotional attachment to the car in particular among
18–24-year-olds is declining (Bratzel 2018; Circella et al.
2017; Kuhnimhof et al. 2012; Umweltbundesamt 2019).
However, alternative mobility services continue to have some
weaknesses which limit their contribution to the realisation of
a newmobility behaviour paradigm. For example, the fact that
public transport is a station-based service that does not provide
transport from an origin to a final destination, and the fact that
trains, buses and trams are often overcrowded, especially dur-
ing rush hours, can be seen as weaknesses.

Smart mobility apps are a special category of smartphone
apps that can help to mitigate the weaknesses of alternative
mobility services and thus to increase their attractiveness.
According to Willing et al. (2017a, p. 271) “long-distance
travel booking was the forerunner […], with many established
web-based offerings, such as online travel agencies (e.g.
Expedia) and flight comparison websites (e.g. Kayak), mostly
due to homogeneous supply. Short-distance urban travel
[‘mobility’ would be a more precise term], however, has re-
cently become more diverse”. Smart mobility app users are
provided with individualized, context-aware, and dynamic
recommendations for bundling mobility services for a trip
from origin to final destination (Schulz et al. 2018). In doing
so, individual customer needs and priorities, such as informa-
tion about the fastest, cheapest, or most environmentally
friendly bundle of mobility services are taken into account
(Albrecht and Ehmke 2016; Schulz et al. 2019). To be effec-
tive, smart mobility apps must account for unforeseen events
like short-term cancellations or delays automatically and in
real-time, adapting recommended bundles dynamically.
Such features would save customers time and energy by elim-
inating the need to search and compare myriad mobility ser-
vice offerings, combine options and adapt their trip in re-
sponse to unexpected changes. Ideally, customers should be
able to book and pay for bundles or at least individual tickets
using their smartphone (Willing et al. 2017a, 2017b).

Unfortunately, in reality, smart mobility apps do not pro-
vide this level of functionality. A number of studies (e.g.,
Albrecht and Ehmke 2016; Schulz et al. 2018; Schulz and
Überle 2018; Willing et al. 2017a, 2017b) show that only
few mobility providers cooperate with the providers of smart
mobility apps. This has many negative effects. For example, if
providers of smart mobility apps cannot access mobility

provider data, their apps can only recommend a small share
of all possible bundles of mobility services. In addition, the
lack of provision of real-time position data limits dynamic
adaptation. Furthermore, mobility providers often do not al-
low providers of smart mobility apps to charge customers for
tickets on a ‘one-click’ basis.

To date, it is unclear how the shortcomings of smart mo-
bility apps affect their value to customers. Previous research
often takes a provider perspective by focusing on individual
services, while neglecting the actual customer need for bun-
dled services. This applies to different fields of service, such
as education, finance, health, and in particular mobility (Alt
et al. 2019;Willing et al. 2017a, 2017b).Willing et al. (2017b,
p. 178) point out a potential way to close this research gap,
stating that “researchers can help to identify and define what
constitutes a good intermodal [i.e., combination of single-trip
multiple mobility services] value proposition regarding plat-
form [i.e., a smart mobility app] design”. To date, only few
studies have analysed the preference structure of potential
customers, and thus how a smart mobility app should support
the bundling of mobility services. Stopka (2014), for example,
analyses data collected in focus group interviews with eight
participants, which is not large enough to ensure representa-
tiveness. Grotenhuis et al. (2007) determine the preferences of
Dutch people via a survey with multiple-choice questions. But
this method is not recommended in analysing preferences
(Backhaus et al. 2015). Understanding customer preference
structures can help make smart mobility apps more attractive
for potential customers and, hence, contribute to the reduction
of private car use.

From a theoretical point of view, the shift from buying and
using a private car to using a bundle of mobility services
(supported by a smart mobility app) represents a shift from a
goods-dominant (G-D) towards a service-dominant (S-D) log-
ic. S-D logic literature assumes that (potential) customers
evaluate the value during use, for instance, on the basis of
flexibility and ease-of-use provided by smart mobility apps
(Gilsing et al. 2018; Vargo et al. 2008).

Based on previous research (e.g., Circella et al. 2017;
Kuhnimhof et al. 2012; Umweltbundesamt 2019), age likely
significantly influences potential customer preference struc-
tures. Insights into age-related differences may help providers
better tailor smart mobility apps, especially for the younger
generation, which is more open to app-based mobility services
(Bratzel 2018; Rayle et al. 2014). Similarly, for example, due
to lower availability of alternative mobility services and often
longer commuting distances, people living in rural areas likely
have different preferences than people living in urban areas
(Kloas et al. 2001; Umweltbundesamt 2019). A better knowl-
edge of the preference structures and differences among po-
tential customers can help providers develop successful busi-
ness models and monetarization strategies for smart mobility
apps. Research in this area is still in its infancy (Schreieck
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et al. 2018a). To fill the described research gap, we pose the
following research questions:

RQ1: To what extent do preference structures for a
smart mobility app vary across potential customers
grouped by mobility behaviour?
RQ2: What effect do age and place of residence have on
these preference structures?

To answer these research questions, we conducted three con-
secutive studies. In a first step, we analysed the customer
reviews of existing smart mobility apps in order to identify
relevant attributes and attribute levels. Then we conducted a
pre-test with nine potential customers and one expert to iden-
tify a number of key attributes and attribute levels feasible for
conjoint analysis. Finally, we conducted a conjoint analysis
with 523 people living in Germany.

The paper is structured as follows: First we introduce the
service-dominant (S-D) logic perspective as a means to better
understanding how specific customer value is co-created in
the case of smart mobility apps. Then we present different
possible criteria for identifying target groups in the context
of smart mobility apps. Next we present conjoint analysis as
a method to analyse customer value and to gain insight into
customers’ smart mobility app preferences. Subsequently, we
discuss the results, implications and limitations of our work
and provide recommendations for future research. The article
ends with a conclusion.

Conceptual foundations

The service-dominant logic perspective and its con-
cept of value co-creation

The shift in mobility behaviour from the use of the private car
to smart mobility entails a shift from a goods-dominant (G-D)
towards a service-dominant (S-D) logic. The traditional G-D
logic adopts a company and output-centric perspective (Vargo
and Lusch 2004). It is assumed that a company focuses on the
exchange of (physical) resources and primarily manufactured
things. Economic value is created for the company during the
transfer of ownership of goods (value-in-exchange) (Gilsing
et al. 2018). The economic value is therefore determined by
the company and the customer is only the recipient of the
goods (Vargo and Lusch 2004; Vargo et al. 2008).
However, emerging trends in the mobility sector show that
“customers [are] increasingly mov[ing] away from a goods-
dominant perspective (e.g. buying a car)” and considering
instead “the value (e.g., the flexibility and ease-of-use) offered
by [, e.g.,] car sharing applications that provide a similar mode
of transportation” (Gilsing et al. 2018, p. 2).

S-D logic originated in marketing (Vargo and Lusch 2004),
but scholars in a wide variety of research fields (e.g., Hearn
et al. 2007; Jarvis et al. 2014; Storbacka et al. 2016), including
service science (Maglio et al. 2009; Spohrer andMaglio 2010,
etc.) and information systems (IS) (e.g., Brust et al. 2017;
Giesbrecht et al. 2017; Lusch and Nambisan 2015; Schmidt-
Rauch and Schwabe 2014) have taken an S-D logic perspec-
tive, including several studies focusing on the mobility sector
(e.g., Gilsing et al. 2018; Schulz et al. 2020b; Schulz and
Überle 2018; Turetken et al. 2019). One of the key assump-
tions of S-D logic is that service is the basis of exchange
(Vargo et al. 2008). Service-for-service exchange between
different actors leads to the formation of a service ecosystem
that represents “a relatively self-contained, self-adjusting sys-
tem of mostly loosely coupled social and economic (resource-
integrating) actors connected by shared institutional logics and
mutual value creation” (Lusch and Nambisan 2015, p. 161). In
the case of smart mobility, the service ecosystems encompass
a great number of actors, for example, mobility providers and
regional authorities (Schulz et al. 2020a; Schulz and Überle
2018). The service-for-service exchange between their actors
is facilitated by a service platform (Lusch and Nambisan
2015), such as a smartphone app.

In contrast to G-D logic, in S-D logic no differentiation is
made between companies and customers with regard to re-
source integration and exchange of services (Vargo and
Lusch 2004; Vargo and Lusch 2016). In other words, all ac-
tors in the service ecosystem are involved in value co-creation
(Vargo and Lusch 2017). Customers act as co-creators of val-
ue, for instance, by providing smartphone data on whether a
bus is delayed or overcrowded (Schreieck et al. 2018a).
However, value co-creation can be constrained by conflicting
institutions and institutional arrangements (Akaka et al. 2013;
Koskela-Huotari et al. 2016; Schulz et al. 2020a), which re-
flect “humanly devised rules, norms, and beliefs” (Vargo and
Lusch 2017, p. 49).

S-D logic assumes that “value is always uniquely and phe-
nomenologically determined by the beneficiary” (Vargo et al.
2008, p. 148). Hence, the principle of value-in-exchange (G-D
logic) is replaced by the principle of ‘value-in-use’ (Vargo and
Lusch 2004) or ‘value-in-context’ (Chandler and Vargo 2011;
Vargo and Lusch 2017; Vargo et al. 2008). Both principles are
based on the assumption that service providers, based on their
individual resources (e.g., capabilities, competences, knowl-
edge, skills), can only make a value proposition. Afterwards,
the value proposition is accepted or rejected by potential cus-
tomers (Vargo et al. 2008). For instance, in the context of a
smart mobility app, some potential customers may accept the
value proposition from a provider and exchange smartphone
data and money. In other cases, potential customers will reject
the smart mobility app and perhaps choose an alternative.
When evaluating and choosing between the value proposi-
tions of providers, potential customers are not guided by the
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intrinsic characteristics of smart mobility apps, but by how
well these smart mobility apps create value for them in getting
from an origin to a destination (Gilsing et al. 2018).

Identifying target groups for smart mobility

Segmenting the market into different “groups of [potential]
customers with distinctly similar needs, service requirements
and behaviour” (Hinkeldein et al. 2015, p. 180) can provide
valuable insights about how smart mobility apps should be
designed. As Hunecke et al. (2010, p. 4) – and similarly
Semanjski and Gautama (2016) – highlight, a “knowledge
about the motivational basis of target groups can be used to
design interventions to promote sustainable behavior more
efficiently”. There are many segmentation criteria, which
can be assigned to four classes: (1) mobility behaviour, (2)
socio-demographic, (3) spatial, and (4) attitudinal criteria
(Haustein and Hunecke 2013). Table 1 shows exemplary
criteria for each class which has already been used in previous
studies (e.g., Haustein and Hunecke 2013; Hinkeldein et al.
2015; Hunecke et al. 2010; Schwanen and Mokhtarian 2005;
Semanjski and Gautama 2016). None of the classes or criteria
can be regarded as absolutely superior. Attitudinal criteria, for
example, have the disadvantage of lower reliability
concerning measurability (Haustein and Hunecke 2013).

Segmentation can be conducted either a priori or post hoc.
In an a priori approach, participants of a study are classified
into target groups according to one or more predefined criteria
(Haustein and Hunecke 2013). For example, Kawgan-Kagan
(2015) differentiates between female and male early adopters
of car-sharing services, and subsequently compares them on
the basis of further segmentation criteria, such as socio-
demographic and attitudinal criteria. In contrast, in the case
of a post hoc approach, the target groups are created by draw-
ing on the empirical data (Haustein and Hunecke 2013). Both
segmentation approaches can also be combined. For instance,
Siren and Haustein (2013) divide the predefined target group
of baby boomers into three clusters, which significantly differ
in terms of mobility behaviour and living conditions. In the
following, we provide detailed information on three segmen-
tation criteria (1) types of mobility services, (2) age, and (3)
place of residence, which we will use in our study. The latter

two criteria are considered particularly relevant for identifying
the needs and expectations of participants for new IT services
in a mobility context (Tuominen et al. 2007) such as smart
mobility apps.

The mobility behaviour of the population can be character-
ized by the types of mobility services which are used over a
certain period of time (Haustein and Hunecke 2013). Since the
overall goal of this study is to provide smart mobility apps that
in particular contribute to switch from private car use to the
use of alternative mobility services, this is the core segmenta-
tion criterion. Previous literature (for an overview, see Grison
et al. 2017) highlights that the route choice, and thus the linked
choice of mobility services, depends individually on a high
number of factors, including cost, travel time, and transfer
characteristics. In the case of public transport, most of the
routes require transfers “which are negatively perceived be-
cause they involve waiting time, walking, uncertainty, and
loss of control over the trip” (Grison et al. 2017, p. 25).
Similar barriers can be expected in terms of necessary trans-
fers between all possible mobility services. Chowdhury and
Ceder (2013) show that the choice of public transport routes
that include transfers can be promoted if, for example, the
waiting time, reliability of connection, or information is im-
proved. On the other hand, individual mobility behaviour de-
pends on routine and experience with mobility services, such
as public transport (Grison et al. 2016). In turn, it is to be
expected that the target groups created by mobility behaviour
will have different preference structures for a smart mobility
app.

Apart from gender, age is one of the two most frequently
chosen socio-demographic segmentation criteria (Haustein
and Hunecke 2013). In previous studies, the authors have
analysed the mobility behaviour and the preference structures
of different age groups, such as seniors (Alsnih and Hensher
2005), millennials (Circella et al. 2017), and baby boomers
(Siren and Haustein 2013). Especially among the younger age
groups, new lifestyles and more widely varying mobility be-
haviours distinguish them from other age groups. Younger
generations acquire their driving licence at a later date, often
do not own a car, and if they own a car, they drive less (e.g.,
Bratzel 2018; Circella et al. 2017; Kuhnimhof et al. 2012;
Umweltbundesamt 2019). Not surprisingly, young people, in

Table 1 Exemplary segmentation
criteria for the identification of
target groups

Mobility behaviour criteria Socio-demographic criteria Spatial criteria Attitudinal criteria

Share of mobility services Age Accessibility Autonomy

Trip frequency Gender Distance Excitement

Trip purpose Household size Place of residence Intention

Types of mobility services Income Topography Privacy

Occupation Status

Level of education
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particular those who live in urban areas, are early adopters of
shared mobility services (Bratzel 2018; Rayle et al. 2014).
(Urban) millennials also more frequently adopt apps, for ex-
ample, to obtain information about the mobility services to use
for a trip, or for real-time navigation (Circella et al. 2017). In
addition, an age-related segmentation of potential customers
of smart mobility apps appears useful as the foundations for
non-private car-based mobility are laid during earlier stages of
life (Umweltbundesamt 2019). The early stages of life involve
a number of events, such as moving house, starting studies
and getting a first job, which are considered to have a high
potential to influence the mobility behaviour (Chatterjee and
Scheiner 2015).

“Where one lives also affects how travel is conducted”
(Alsnih and Hensher 2005, p. 2). Different spatial criteria
can be used for a corresponding segmentation (Schwanen
andMokhtarian 2005). One criterion is the place of residence,
for instance, differentiating between urban, suburban, and ru-
ral areas (Haustein and Hunecke 2013). Outside of urban
areas, access to public transport is often limited, which rein-
forces the preference for the private car (Alsnih and Hensher
2005). The effect of place of residence on mobility behaviour
has also been confirmed in a number of German studies (e.g.,
B r a t z e l 2 0 1 8 ; S c h e i n e r a n d Ho l z -R a u 2013 ;
Umweltbundesamt 2019). For example, Kloas et al. (2001)
show that the transport volume in towns is 46 km higher per
capita per week than in city centres. As a result, it can be
assumed that preferences for smart mobility apps vary de-
pending on the place of residence.

Research methodology

Choice-based conjoint (CBC) analysis

Conjoint analysis can be used to evaluate how potential cus-
tomers view the value proposition offered by a provider of a
smart mobility app, as well as their decision to accept or reject
this value proposition. The theoretical basis for conjoint anal-
ysis was developed by scholars in the field of psychology
(Luce and Tukey 1964). Today, conjoint analysis is used
and well established in numerous research fields, including
IS (e.g., Bajaj 2000; Berger et al. 2015; Mihale-Wilson et al.
2019; for an overview see Naous and Legner 2017; Roßnagel
et al. 2014). In order to use conjoint analysis, several assump-
tions must bemade (Backhaus et al. 2015; Hair Jr. et al. 2014).
The most important assumption is that conclusions about the
usefulness of individual attributes and their attribute levels can
be drawn based on the evaluation of whole products or ser-
vices (i.e., smart mobility apps). This is known as the
decompositional approach.

For each attribute level, an estimated empirical value indi-
cates the value for potential customers. The totality of these

part-worths constitutes the potential customers’ preference
structure (Berger et al. 2015). The difference between the
attribute level with the highest estimated part-worth and the
attribute level with the lowest estimated part-worth reflects the
importance of each attribute. When the difference is set in
relation to the sum of the differences, the result indicates the
relative importance of the attribute in the overall preference
structure (Backhaus et al. 2015; Hair Jr. et al. 2014). In the
decompositional approach, the total value of a smart mobility
app can be calculated by adding up the estimated part-worths
of its attribute levels (Hair Jr. et al. 2014). This means that the
estimated part-worths of different attributes can be in a com-
pensatory relationship to each other (Berger et al. 2015). For
example, a fee-based smart mobility app (lower part-worth at
the attribute app price) can provide a higher total value to
potential customers compared to a free smart mobility app,
and therefore be more attractive, by providing real-time infor-
mation (as opposed to static information) and/or one-click
booking (as opposed to being forwarded to the website).

In the course of time, the basic form of conjoint analysis
has been further developed and different advanced forms have
been introduced in scientific research (Hair Jr. et al. 2014). In
the beginning, the most common form – so-called preference-
based conjoint analysis or traditional conjoint analysis (TCA)
– was to present potential customers a number of artificially
constructed products or services that they have to rank or rate
according to their preferences (Backhaus et al. 2015).
However, both valuation methods require high mental effort
on the part of participants. As a consequence, the obtained
results often do not correspond to the actual preferences of
potential customers (Berger et al. 2015). In order to better
estimate the preferences and, thus, to more closely mimic
the buying decisions of potential customers, their discrete
choices can be analysed (Backhaus et al. 2015). Important
contributions to the discrete choice analysis have been made
by, among others, Luce (2005) and McFadden (1980).
Louviere and Woodworth (1983) integrated discrete choice
theory and conjoint analysis. Choice-based conjoint (CBC)
analysis is now the most frequently applied form of conjoint
analysis (Sattler and Hartmann 2008).

CBC analysis is a suitable and established methodology for
analysing the preferences of potential customer groups for
smart mobility apps. Previous studies have, for example, exam-
ined the differences in preferences between smartphone owners
and non-owners with regard to newspaper subscription (Berger
et al. 2015). Such insights can also help to develop monetiza-
tion strategies for smart mobility apps (by including both free
and non-free smart mobility apps in the choice tasks).

Implementation

Our research focuses on analysing potential customers’ pref-
erences for smart mobility apps. In order to conduct a well-
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grounded CBC analysis (Study 3), we carried out two prelim-
inary studies. In Study 1, we identified a pool of attributes and
their attribute levels that might be important from a customer
perspective. In Study 2, we reduced the pool of attributes and
attribute levels to a number feasible for CBC analysis and
tested our questionnaire. Fig. 1 provides an overview of the
three studies.

Study 1: Identification of attributes and attribute levels

To get a complete picture of the relevant attributes and attri-
bute levels, we initially analysed the customer reviews pro-
vided for the smart mobility apps ‘Ally’, ‘fromAtoB’,
‘Moovel’, and ‘Qixxit’ in the Android Google Play Store
(https://play.google.com) in the period from 2016 to 2017.
We chose these particular smart mobility apps based on the
overview provided by Albrecht and Ehmke (2016). The ratio-
nale for choosing these smart mobility apps were (1) the focus
on the same geographical area (German-speaking Europe); (2)
‘Moovel’ (Daimler AG) and ‘Qixxit’ (Deutsche Bahn AG) are
operated by large German companies, while ‘Ally’ and
‘fromAtoB’ are offered by start-ups; and (3) they have a vary-
ing focus on mobility within and between cities.

We coded our data using NVivo 10. Our analysis of nega-
tive customer reviews revealed the weaknesses of the smart
mobility apps, such as the lack of integration of regional mo-
bility providers, or the lack of ticket purchasing capability.
This approach ensures that relevant attributes and attribute
levels which are currently not addressed by the smart mobility
apps are taken into account. Such an analysis is necessary as
CBC analysis requires that “the range (low to high) of the
[attribute] levels [is] set somewhat outside existing values
but not at an unbelievable level” (Hair Jr. et al. 2014, p.
363). Based on scientific literature (e.g., Albrecht and
Ehmke 2016; Schulz et al. 2018; Willing et al. 2017a), and
on our practical experience, we added existing attributes and
attribute levels from smart mobility apps. Some of them may
appear standard at first if mobility services that are provided in
large German cities and the related IT are chosen as reference.
However, in towns and rural areas, for example real-time

information and mobile tickets are often not available
(Ministerium für Verkehr Baden-Württemberg 2020; Schulz
et al. 2018).

Study 2: Pre-test of attributes and attribute levels

Using QuestionPro software, we then created an initial version
of the questionnaire, including the choice sets, following the
process steps recommended by Backhaus et al. (2015) for
implementing and conducting a CBC analysis. The part of
the questionnaire that encompasses the choice sets started with
a short explanation of the choice decision. We used ten choice
sets, eight of which were randomly designed by the software
and differed from participant to participant (QuestionPro
2019). The other two choice sets were two identical fixed
choice sets, or so-called ‘holdouts’, which were identical for
each participant and necessary to measure reliability and va-
lidity (Backhaus et al. 2015; Hair Jr. et al. 2014). During one
choice task, three different smart mobility apps were presented
to the participants and a ‘none of the above’ option was in-
cluded to reflect reality more closely (Backhaus et al. 2015).
This fourth option permitted participants to choose a private
car or any other available option or app, for instance, from a
bike- or car-sharing company. A randomly designed choice
set is shown in Fig. 2.

We conducted a pre-test to determine how relevant the
attributes and their attribute levels are in choosing a smart
mobility app, and to check if these and the supplementary
questions are clearly described. Since CBC analysis should
be limited to six attributes (Hair Jr. et al. 2014), our goal
was to identify the six most important ones. For this purpose,
we randomly selected six attributes and implemented them in
QuestionPro. At the end of each pre-test, the participant was
given a list of further attributes and attribute levels currently
not implemented and invited to select the six most important
attributes in total. Table 2 lists the attributes and attribute
levels considered less important and thus not included in the
final CBC analysis, as well as the corresponding original
references.

Fig. 1 Overview of the studies
conducted
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Regardless of the participants’ selection, the app price was
included as an attribute, as it plays a unique role in the CBC
analysis (Hair Jr. et al. 2014). Previous studies focusing on the
analysis of the willingness to pay for a (smart) mobility app,
respectively, on the services provided (e.g., real-time informa-
tion, alternative planning options), provide divergent results
(for an overview see Pronello et al. 2017). The results of
Pronello et al. (2017) show that the majority of the study
participants are not willing to pay for a smart mobility app
for the city of Lyon, France. One reason for this is the avail-
ability of free information on the market. The participants who
were willing to pay a fee are mainly highly-educated car users
travelling for work. In contrast to this, Molin and
Timmermans (2006) and Zografos et al. (2012) demonstrate
an increasing willingness to pay if additional services, for

example, real-time information are made available. In addi-
tion, Pronello and Camusso (2015) show that German partic-
ipants prefer a one-off payment for a public transport app
providing real-time information, while Italian participants pre-
fer a monthly fee.

The attribute levels of the attribute ‘app price’ were deter-
mined based on the prices for mobility apps in the Android
Google Play Store.Many of the mobility apps in focus are free
of charge since they are offered by mobility providers, such as
public transport companies, to make their transport service
more attractive. In contrast, several smart mobility apps, such
as ‘Ally’ and ‘fromAtoB’, are offered by companies which do
not themselves provide a transport service. For this reason,
they must generate revenue via the smart mobility app (e.g.,
offering a fee-based app, selling advertising, charging a

Table 2 Attributes and attribute levels not implemented in the final CBC analysis

App provider Medium Focus of the app Optimisation Use of data Guarantee
of
punctuality

Price advantage
compared to
single tickets

Public Smart
mobility
app

Single city Cheapest route Improvement
of mobility
services

No No

Private: Mobility
sector

Smart
mobility
app + Sm-
art card

Larger geographic area Fastest route Personalized
advertising

Yes Yes

Private: Other
sector

– – Shortest route – – –

Schulz et al.
(2018);
Willing et al.
(2017b)

Li et al.
(2005)

Albrecht and Ehmke (2016); Schulz
et al. (2019); Willing et al. (2017a,
2017b); App reviews

Schulz et al. (2019);
Willing et al. (2017a,
2017b); App reviews

Willing et al.
(2017a)

Gil et al.
(2011)

Schulz et al.
(2018)

Fig. 2 A randomly designed
choice set of the final CBC
analysis
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commission frommobility providers). Participants were invit-
ed to recommend improvements to the questionnaire descrip-
tion and justified improvements were made. The pre-test was
conducted with nine potential customers and one expert from
the mobility field.

Study 3: CBC analysis

All attributes and attribute levels of the final CBC analysis as
well as their origin are shown in Table 3. The first attribute
level of each attribute serves as the basis category and its part-
worth is set to 0. The part-worths for the other attribute levels
are estimated and indicate the difference to the basis category
(Backhaus et al. 2015). For example, how potential customers
value the consideration of a large share of companies (˃ 66%)
and their mobility services, and thus the related possibility to
adapt the bundles, for instance in case of cancellations or
delays, compared to the situation where only a low share of
companies (˂ 33%) is taken into account. The potential cus-
tomers also completed the other parts of the questionnaire
used to collect information about the person (e.g., gender,
age, salary) and their mobility (commuting distance, use of
public transport, etc.).

Data collection started in July and lasted until
December 2018. The data collection focused only on
Germany. Like most cities in industrialized countries,
German cities suffer from problems caused by the pre-
dominant use of private cars. There is both the need and
the will to address the problems. For example, due to
exceeding legal limits for nitrogen oxides, courts have
imposed driving bans for diesel cars in certain zones in
several cities (ADAC 2019). This makes Germany a well-
suited study target. The results of mobility studies in
Germany (e.g., Bratzel 2018; Kuhnimhof et al. 2012;
Umweltbundesamt 2019) indicate that especially for the
younger generation (in particular for 18–24-year-olds),
the importance of private car ownership and the emotional
attachment to the car is declining, which leads to an

increase in demand for mobility services. The trend to-
wards the use of mobility services, in particular multiple
mobility services in combination, is further supported by
the pre-existing infrastructure, high public pressure, and
legal conditions in Germany (Marx et al. 2015; Willing
et al. 2017b).

To attract participants for our study, we relied heavily on
Facebook. The studies by Baltar and Brunet (2012) and
Kosinski et al. (2015) show that using Facebook for data col-
lection provides the advantage of a high response rate and
high data quality compared to traditional sampling strategies.
We posted a short description of our study and the link to the
questionnaire in applicable groups, such as those dealing with
the current traffic situation in a specific region, or concepts for
future mobility. Such random selection of groups helps us to
mitigate a potential representation bias (Baltar and Brunet
2012). The approach also enabled us to attract participants
from all over Germany with a range of mobility behaviours.
In order to increase the willingness to participate, Amazon gift
coupons (two each valued at 20 Euro, 50 Euro, and 75 Euro)
were raffled among all participants. We collected 523 fully
completed questionnaires. The comparison of the two identi-
cal holdout choice tasks showed that 155 participants chose
two different smart mobility apps. In order to ensure consis-
tency, these questionnaires were removed from the sample
(Orme 2015), leaving 368 questionnaires for the estimation
of the part-worths.

Data analysis

We analysed our data using SPSS. In a first step, we split our
sample into three groups – mix, public transport, and private
car –with regard to the mobility behaviour of the participants.
This split of the sample offers two main advantages. First,
practitioners can focus on the preference structure of partici-
pants who predominantly use the private car in order to ad-
dress the associated mobility challenges. Second, through
group comparisons, we can forecast how the preference

Table 3 Attributes and attribute levels in the final CBC analysis (└ Basis attribute levels)

Type of company Share of companies Time-table information Booking Price model App price

Public transport└ ˂ 33%└ Static information└ Information└ Fixed price└ Free└
Public transport + Bike-sharing +

Car-sharing
33–66% Mixed information (static

and real-time informa-
tion)

Forwarding to the
website

Dynamic price 3 Euro

All
(Public transport + Bike-sharing +

Car-sharing + Ride-sharing + Taxi)

˃ 66% Real-time information One-click booking Monthly
flat-rate

5 Euro

Albrecht and Ehmke (2016); Schulz
et al. (2019);Willing et al. (2017a,
2017b); App reviews

Schulz et al. (2019);
Willing et al. (2017a,
2017b); App reviews

Schulz et al. (2018);
Willing et al. (2017a,
2017b); App reviews

Schulz et al. (2018);
Willing et al. (2017a,
2017b); App reviews

Jittrapirom
et al. (2017);
Li et al.
(2005)

Android
Google
Play
Store
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structure of these participants might change if they switch to
and become more familiar with alternative mobility services.

1) ‘Mix’ (n = 143): Participants who already use at least two
of the following mobility services per month: public
transport, car-sharing, bike-sharing, carpooling, or taxi.
Some of them also use a private car during this period.
Based on their experience with the use of different mobil-
ity services, these participants are best suited to assess the
attributes and attribute levels of a smart mobility app. Due
to their current mobility behaviour, they also seem to be
the most likely buyers of smart mobility apps.

2) ‘Public transport’ (n = 142): Participants who regularly
use public transport (bus, subway, tram, and train), and
are familiar with its weaknesses, such as a long walking
time and a lack of flexibility (Grison et al. 2017), which
often result from the station-based nature of the mobility
service and fixed timetables. Some participants also used
a private car to better satisfy their mobility needs.

3) ‘Private car’ (n = 79): Participants who use a private car
and, in part, also one mobility service other than public
transport, such as occasionally calling a taxi. The smart
mobility app might help remove barriers, for example for
public transport use, which are faced by these partici-
pants. For instance, a monthly flat-rate can replace the
complexity that is induced by the price models of the
different mobility providers.

Participants (n = 4) who could not be assigned to any of the
three groups were removed from the final analysis.

In a second step, we further subdivided the three groups
according to the age and the place of residence of the
participants. Bratzel (2018) finds that for ‘under-25-year-
olds’, especially if they live in a city, private car ownership
is less important, and that they are more open to app-based
mobility services than people who are ‘at least 25 years old’.
This group belongs to the digital native generation, who “are
assumed to be inherently technology-savvy” and therefore
easily accept new IT (Wang et al. 2013, p. 409). For these
reasons, people under 25 years old are an attractive target
group for a smart mobility app. However, focusing solely on
this group would cause some limitations. For example, about
60% of the German population is 25 years old or older
(Statistische Ämter des Bundes und der Länder 2018). In or-
der to alleviate the problems caused by the predominant use of
private cars, it is therefore important to attract over-25-year-
olds to smart mobility apps as well. Since they are compara-
tively less open for a change of mobility behaviour and to
using smart mobility apps, it is important to know their pref-
erence structures. Furthermore, much remains unknown about
how the preferences of under-25-year-olds change over time.
Perhaps their preference structures will, over time, change to
those of today’s over-25-year-olds.

We also distinguished between people living in a ‘big city’
(a city with at least 100,000 inhabitants), a ‘town’ (a townwith
at least 2000 inhabitants), and a ‘rural area’, based on the
classifications provided by the Statistisches Bundesamt
(2018, 2011). The rationale for this split is that the range of
mobility services and mobility providers for each mobility
service available ranges depending largely on the population
of the place of residence. If the number of participants in a
group was at least 30, we assume a normally distributed sam-
ple in accordance with the central limit theorem (Ofungwu
2014).

Because SPSS does not provide a direct procedure for
conducting CBC analysis, we applied Cox regression analy-
sis, which is generally used for survival analysis. A stratified
Cox regression maximizes the likelihood function, so-called
maximum-likelihood method. This method can also be ap-
plied to estimate the part-worths in case of CBC analysis
(Backhaus et al. 2015). The likelihood function as well as
the underlying value and choice model are described in detail
in the Supplementary Material. Using a likelihood-ratio test,
we assessed the quality of each regression model (Backhaus
et al. 2015). We also tested the predictive validity of the esti-
mated part-worths by determining the corresponding hit rate.
The hit rate reflects how well participants’ choices can be
correctly predicted using the estimated part-worths
(Backhaus et al. 2015; Berger et al. 2015). To predict the
choice decisions based on the estimated part-worths, we used
the logit choice model, which is usually applied in CBC anal-
ysis (Backhaus et al. 2015). In order to analyse whether the
estimated part-worths differed significantly between two
groups of participants, we performed a t-test for independent
samples (Ofungwu 2014).

Results

Sample description

The demographics of the participants are shown in Table 4. Of
the participants, 60.71% were female and 39.29% were male.
The participants were between 18 and 66 years old, with an
average age of 25.51 years. About two-thirds of the partici-
pants (66.76%) had a monthly net income under 1300 Euro. In
comparison, the average monthly net income in 2018 in
Germany was 1948 Euro (Statistisches Bundesamt 2019).
One reason why the average net income of our participants
was below the average net income in Germany is because
students were overrepresented. Another reason is that women,
who are also overrepresented in our sample, earn on average
less than men (Statistisches Bundesamt 2016). Approximately
one third of the participants commutes less than 6 km, one
third between 6 and 20 km, and one third at least 21 km. The
average commute distance in Germany in 2016 was 16.91 km
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(Tautz 2017). Our sample included an approximately equal
number of people who do not commute to work and people
who commute long distances to work, potentially between a
rural area and a city.

The preference structure of participants with different
existing mobility behaviour

To assess the preference structure of all three participant
groups with different existing mobility behaviour, we apply
Cox regression analysis. The likelihood-ratio test performed
with SPSS resulted for all three regression models in a p value
of 0.000%. In other words, each of the regression models is
highly statistically significant. In addition, we tested the pre-
dictive validity of the estimated part-worths by determining
the respective hit rate. They were for the different participant
groups as follows: Group 1 (mix): 47.03%; group 2 (public
transport): 48.77%; and group 3 (private car): 45.73%. These
hit rates indicate a good degree of predictive validity com-
pared with a hit rate of 25% in the case of random choice.
The results are also comparable with those of other studies
conducting CBC analysis (e.g., Kanuri et al. 2014; Wlömert
and Eggers 2016).

To determine how important the individual attributes of a
smart mobility app are to participants, we calculated the rela-
tive importance of the attributes. As depicted in Table 5, our
results show that, for the participants in group 1, the ‘app
price’ (32.99%) is the most important attribute followed by
‘time-table information’ (18.31%). The other attributes are in
descending order: ‘Share of companies’ (16.75%), ‘booking’
(16.12%), ‘type of company’ (10.14%), and ‘price model’
(5.69%). Since we can assume that this participant group
can best assess the actual requirements for a smart mobility
app based on their previous experience with a number of dif-
ferent mobility services (e.g., public transport, car-sharing, or
taxi), it serves as the reference group. A comparison with
group 2 reveals, in particular, the lower relative importance
of the attributes ‘price model’ (1.84%) and ‘type of company’
(1.68%). In contrast, the ‘app price’ (36.89%) is of even great-
er significance. When comparing the results for group 1 and 3,
it is particularly noticeable that the latter attaches a much
greater relative importance to the attribute ‘time-table infor-
mation’ (27.51%), whereas they consider the attribute ‘app
price’ (19.96%) less important.

The estimated part-worths indicate which attribute level of
each attribute the participants prefer. In interpreting the re-
sults, it is important to understand that the absolute value of
the estimated part-worths has no meaning. Of interest are only
the differences between the different estimated part-worths of
an attribute (Backhaus et al. 2015). Table 6 shows that, in
particular, the estimated part-worths of the attribute levels of
the attributes ‘type of company’ and ‘price model’ are not
significant in the majority of cases. Themean differences were
computed based on group 1 as reference. On the basis of the
mean differences and the standard deviations (SD), we carried
out two t-tests, which showed that the estimated part-worths
differ significantly, with the exception of the attribute level
‘one-click booking’. For instance, we observed that the par-
ticipants belonging to group 3 assigned significantly lower
negative values to the ‘3 Euro’ and ‘5 Euro’ attribute level
of the attribute ‘app price’. Hence, a price increase only leads
to a comparatively small decline in value.

The effect of age on the preference structure

To analyse the effect of age on the preference structure of the
participants, we further divided the three participant groups
into two age groups (under-25-years-old and at least 25 years
old) following the lead of previous studies (e.g., Bratzel 2018;
Wang et al. 2013) identifying under-25-year-olds as more
likely customers of smart mobility apps. Using the
likelihood-ratio test, each of the regression models can be
considered highly significant with a p value of 0.000%. The
hit rate for the assessment of predictive validity varies be-
tween 46.67% for group 4 (private car and ˂ 25 years old)
and 53.13% for group 3 (public transport and ˂ 25 years old).

Table 4 Demographic profile of participants

Demographic characteristic Number Frequency (%)

Gender:

Male 143 39.29

Female 221 60.71

Age:

18 to 24 215 59.07

25 to 29 88 24.18

30 to 39 36 9.89

40 to 49 17 4.67

50 to 59 6 1.65

60 to 69 2 0.55

Net income per month (in Euro):

0 to 1300 243 66.76

1301 to 1500 16 4.40

1501 to 2000 47 12.91

2001 to 2600 33 9.07

2601 to 3600 11 3.02

3601 or more 14 3.85

Commute distance (in km):

0 to 5 138 37.91

6 to 10 63 17.31

11 to 15 38 10.44

16 to 20 23 6.32

21 or more 102 28.02
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The other hit rates are 48.15% for group 1 (mix and ≥ 25 years
old) as well as 49.44% for group 2 (mix and ˂ 25 years old).
The results for the remaining two groups are provided in the
Supplementary Material.

A comparison of the participant groups 2 and 3 shows that
their relative importance for the attributes is very similar (see
Table 7). Only the attribute ‘type of company’, which is more
than twice as important for participants from group 2, varies
considerably (10.22% to 4.32%). In contrast, the results for
the relative importance of the attributes for group 4 are very
different. In particular, the attribute ‘app price’ with a relative
importance of only 17.70% no longer occupies a prominent
position among the attributes. On the other hand, especially
the relative importance of the attributes ‘time-table informa-
tion’ (27.09%) and ‘price model’ (10.25%) increases com-
pared with the reference group 2. In order to determine the
effect of age, we calculate the relative importance of attributes
for group 1. The results show that older participants attach less
importance to the attribute ‘app price’ (19.76%), but a higher

relative importance to the attributes ‘booking’ (19.78%) and
‘price model’ (11.24%).

The results for the estimated part-worths, their standard
deviation (SD), and each calculated mean difference of
the estimated part-worths for performing t-tests are
depicted in Table 8. The mean differences were calculated
with group 2 as reference group. The results show that
group 2 has a significantly lower estimated part-worth
for the attribute level ‘mixed information’ (0.225) com-
pared to groups 3 and 4 (public transport: 0.524, and
private car: 0.441). The situation is identical for ‘real-time
information’, with an estimated part-worth of 0.463 com-
pared to 0.621 and 0.666. The effect of age on the pref-
erence structure of participants is further revealed by com-
paring groups 1 and 2. For example, group 1 with the
older participants has a significantly higher estimated
part-worth than group 2 in the case of ‘real-time informa-
tion’ (0.624 compared to 0.463) and ‘one-click booking’
(0.588 compared to 0.375).

Table 6 Part-worths for attribute levels (*p ˂ 0.10; **p ˂ 0.05; ***p ˂ 0.01)

Attribute level Group 1: Mix (n=143) Group 2: Public transport (n = 142) Group 3: Private car (n = 79)

Part-worths SD Part-worths SD Mean difference Part-worths SD Mean difference

Public transport + Bike-sharing +Car-sharing 0.114 0.084 0.006 0.078 −0.108 −0.089 0.107 −0.203
All 0.288*** 0.080 −0.035 0.079 −0.323 0.054 0.106 −0.234
33–66% 0.349*** 0.084 0.295*** 0.083 −0.054*** 0.250** 0.115 −0.099***
˃ 66% 0.475*** 0.082 0.429*** 0.081 −0.046*** 0.440*** 0.110 −0.035**
Mixed information 0.291*** 0.086 0.465*** 0.084 0.174*** 0.418*** 0.117 0.126***

Real-time information 0.520*** 0.082 0.561*** 0.083 0.041*** 0.637*** 0.110 0.118***

Forwarding to the website 0.183** 0.085 0.222*** 0.084 0.039*** 0.185 0.116 0.002

One-click booking 0.458*** 0.079 0.461*** 0.079 0.003 0.472*** 0.107 0.015

Dynamic price −0.074 0.078 −0.045 0.079 0.030 −0.162 0.106 −0.087
Monthly flat-rate −0.161** 0.080 −0.023 0.078 0.139 −0.056 0.105 0.105

3 Euro −0.530*** 0.075 −0.580*** 0.075 −0.051*** −0.336*** 0.102 0.194***

5 Euro −0.937*** 0.085 −0.899*** 0.084 0.038*** −0.462*** 0.107 0.474***

None −0.066 0.144 −0.319** 0.147 −0.253 −0.135 0.198 −0.069

Table 5 Relative importance of
attributes (in %) Attribute Group 1: Mix

(n = 143)
Group 2: Public
transport (n = 142)

Group 3: Private
car (n = 79)

Type of company 10.14 1.68 6.18

Share of companies 16.75 17.62 19.00

Time-table information 18.31 23.04 27.51

Booking 16.12 18.92 20.38

Price model 5.69 1.84 6.98

App price 32.99 36.89 19.96
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The effect of place of residence on the preference
structure

To determine the effect of place of residence on the preference
structure, we focus on the comparison of participants who use
multiple mobility services and live either in a big city (group
1) or town (group 2). The reason for this selection is that the
range of mobility services available (e.g., car-sharing, sub-
way) in Germany tends to vary depending on the size of the
city/town, and thus probably also influences the preference
structure. In addition, we examine the participants who pre-
dominantly use a private car and live in a rural area (group 3)
because these participants contribute to mobility problems,
such as traffic congestion and lack of parking spaces if their
place of work is in a city or town. The likelihood-ratio test
resulted each in a p value of 0.000%. The hit rates are: 48.63%
for group 1, 46.76% for group 2, and 49.58% for group 3. The
results for all other groups are made available in the
Supplementary Material.

For each of the three groups, the attributes’ relative impor-
tance is shown in Table 9. In comparing groups 1 and 2,
especially large differences in relative importance for the at-
tributes ‘type of company’, ‘booking’, and ‘app price’ were
observed. The results for group 3 are comparable with the
results for the analysis without considering the effect of the
place of residence on the preference structure (see Table 5).

Table 10 provides an overview of the estimated part-worths
for the three groups. The results show that, with the exception
of two cases, the estimated part-worths for the attribute levels
for the attributes ‘type of company’ and ‘price model’ are not
significant. The mean differences were calculated based on
group 1 as reference. The t-test carried out demonstrates that
there are also no significant differences between groups 1 and
2 with regard to ‘mixed information’ and ‘real-time informa-
tion’. However, the estimated part-worths for group 3 are sig-
nificantly higher (0.488 and 0.693) than those of group 1. In
addition, there are significant differences between groups 2
and 3 vis-à-vis group 1 with regard to the attribute level
‘one-click booking’. While the participants of group 3 have
significantly lower negative estimated part-worths for both

attribute levels (‘3 Euro’ and ‘5 Euro’) of the attribute ‘app
price’ than the participants belonging to group 1, this is only
the case for ‘5 Euro’ for the participants of group 2.

Discussion

Theoretical implications

We contribute to the IS and S-D logic literature (e.g., Brust
et al. 2017; Schulz et al. 2020b) by analysing the preference
structures of potential customers for smart mobility apps using
CBC analysis. The intended behaviour change away from
using a private car (G-D logic) towards using alternative mo-
bility services requires the adoption of the S-D logic perspec-
tive with its concept of value co-creation (Gilsing et al. 2018;
Vargo and Lusch 2004). S-D logic literature highlights the
central role of the customer as co-creator of value (Vargo
and Lusch 2017), and that the value is uniquely determined
by each individual beneficiary (Vargo et al. 2008).
Companies, such as providers of smart mobility apps, can
only make value propositions that are accepted or rejected
by potential customers (Vargo et al. 2008). However, to date,
there are only a few studies (Grotenhuis et al. 2007; Stopka
2014) with methodological shortcomings that examine the
preference structures of potential customers for smart mobility
apps. The results of our preliminary studies and the CBC
analysis provide detailed insights into the attributes, the attri-
bute levels, the relative importance of attributes, and the esti-
mated part-worth for each attribute level on which the choice
of three participant groups with different existing mobility
behaviour is based. For instance, we observed that the partic-
ipants who predominantly use a private car attach much less
relative importance to the attribute ‘app price’ than the other
participant groups. In addition, they assigned significantly
lower negative part-worths to the ‘3 Euro’ and ‘5 Euro’ attri-
bute level compared to participants who use two or more
different mobility services per month. These examples illus-
trate how our approach helps illuminate factors that motivate

Table 7 Relative importance of attributes (in %)

Attribute Group 1: Mix ≥ 25
years old (n = 54)

Group 2: Mix ˂ 25
years old (n = 89)

Group 3: Public transport
˂ 25 years old (n = 96)

Group 4: Private car ˂
25 years old (n = 30)

Type of company 10.54 10.22 4.32 14.05

Share of companies 17.71 15.75 17.42 14.39

Time-table information 20.98 16.57 22.54 27.09

Booking 19.78 13.41 15.26 16.52

Price model 11.24 2.36 3.31 10.25

App price 19.76 41.70 37.15 17.70
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different potential customers to enter into a value co-creation
relationship.

Our research shows the effect of age and place of residence
on the preference structures of potential smart mobility app
customers. According to S-D logic (Akaka et al. 2013;
Koskela-Huotari et al. 2016; Schulz et al. 2020a; Vargo and
Lusch 2017; Vargo et al. 2015), value co-creation can be
constrained by conflicting institutions and institutional ar-
rangements (rules, norms, and beliefs). Literature on digital
natives (e.g., Wang et al. 2013) suggests that especially older
generations have problems accepting new IT, such as a smart
mobility app, which indicate conflicting institutions and insti-
tutional arrangements that affect their (mobility) behaviour. In
contrast, the 18–24-year-olds are much more open-minded
towards app-based mobility services (Bratzel 2018; Rayle
et al. 2014). In addition, this age group considers private car
ownership less important than other age groups, and they are
less emotionally attached to cars (Circella et al. 2017;
Kuhnimhof et al. 2012; Umweltbundesamt 2019). The results
of our CBC analysis show that age differences also influence

preference structures for smart mobility apps. For example, for
participants under 25 years old who use at least two mobility
services per month, the ‘app price’ has a very high relative
importance (41.70%) in comparison with participants who are
at least 25 years old (19.76%). Interestingly, this result is not
reflected in the relative importance for the attribute ‘price
model’ (2.36% compared to 11.24%). When looking at the
further results for those two groups, it is particularly notice-
able that the younger participants have significant lower esti-
mated part-worths for the attribute levels ‘real-time informa-
tion’ and ‘one-click booking’. One possible explanation is that
digital natives tend to find it easy to use various apps simul-
taneously to find an alternative mobility service in case of a
delay or in order to purchase tickets from individual mobility
providers.

Earlier studies (e.g., Bratzel 2018; Umweltbundesamt
2019) suggest that the place of residence has an effect on the
preference structures of potential customers. The results of our
CBC analysis reveal, in particular, that participants using at
least two mobility services and who live in a town attribute the

Table 10 Part-worths for attribute levels (*p ˂ 0.10; **p ˂ 0.05; ***p ˂ 0.01)

Attribute level Group 1:Mix Big city
(n = 64)

Group 2: Mix Town (n = 54) Group 3: Private car Rural area
(n = 30)

Part-worths SD Part-worths SD Mean difference Part-worths SD Mean difference

Public transport + Bike-sharing +Car-sharing 0.052 0.124 0.169 0.139 0.117 0.026 0.175 −0.027
All 0.131 0.117 0.462*** 0.130 0.331 0.179 0.175 0.048

33–66% 0.272** 0.125 0.404*** 0.137 0.132*** 0.378** 0.189 0.106***

˃ 66% 0.421*** 0.122 0.477*** 0.135 0.056** 0.388** 0.178 −0.033
Mixed information 0.278** 0.128 0.267* 0.141 −0.011 0.488** 0.190 0.210***

Real-time information 0.517*** 0.122 0.554*** 0.133 0.037 0.693*** 0.180 0.176***

Forwarding to the website 0.217* 0.132 0.175 0.136 −0.042 0.437** 0.203 0.220***

One-click booking 0.600*** 0.120 0.348*** 0.129 −0.251*** 0.687*** 0.190 0.087**

Dynamic price −0.151 0.119 −0.135 0.128 0.016 −0.222 0.176 −0.071
Monthly flat-rate −0.207* 0.118 −0.115 0.128 0.092 −0.034 0.165 0.173

3 Euro −0.568*** 0.111 −0.553*** 0.125 0.014 −0.389** 0.167 0.179***

5 Euro −1.109*** 0.135 −0.826*** 0.132 0.284*** −0.621*** 0.175 0.489***

None −0.227 0.219 −0.091 0.235 0.136 0.078 0.344 0.304

Table 9 Relative importance of
attributes (in %) Attribute Group 1: Mix

Big city (n = 64)
Group 2: Mix
Town (n = 54)

Group 3: Private car
Rural area (n = 30)

Type of company 4.40 16.50 6.42

Share of companies 14.10 17.03 13.91

Time-table information 17.39 19.76 24.83

Booking 20.09 12.43 24.63

Price model 6.94 4.82 7.96

App price 37.17 29.46 22.25
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greatest relative importance to the attribute ‘type of company’
(16.50%). In addition, they are the only group who has a
significant estimated part-worth for the attribute level ‘all’
(0.462). A possible reason for this might be that in big
German cities public transport already includes a larger range
of mobility services, potentially including subway and tram.
Moreover, big cities usually have a close-knit network of
transport stations that provides access to a variety of public
transport services. As a consequence, this group may attribute
less relative importance to alternative mobility services such
as bike-sharing. In contrast, several mobility services (e.g.,
car- and ride-sharing) are often scarce or not present in rural
areas, which could explain the lack of significance for the
group of participants who currently drive a private car.

With regard to ‘mixed information’ and ‘real-time informa-
tion’ of the attribute ‘time-table information’ no significant
differences could be identified between participants who use
at least two mobility services and live in big cities or towns.
However, the group of participants who currently predomi-
nantly use a private car and live in a rural area attributed
significantly higher estimated part-worths to these attribute
levels. This could be explained by the fact that these partici-
pants have to wait a long time due to low timetable density and
lack of alternative mobility services if, for example, they miss
their bus due to a train delay.

In the case of the attribute level ‘one-click booking’, partici-
pants who use multiple mobility services and live in a town
display a significantly lower estimated part-worth (0.348) than
those who live in a big city. One possible reason could be that
there is a higher number of mobility services as well as more
mobility providers for each mobility service in big cities. As a
result, this participant group must use a variety of apps from
different mobility providers, which they would not have to do
using one-click booking. In contrast, the group of participants
who predominantly use a private car and live in a rural area has a
significantly higher estimated part-worth (0.687). One reason for
this could be that these participants can benefit most from this
simplified form of ticket purchase due to their lack of experi-
ence. Another reason could be that these participants often can
only buy paper-based tickets (Schulz et al. 2018) and now
would have the opportunity to purchase digital tickets through
the smart mobility app. Overall, the results of our CBC analysis
indicate that the focus on a specific urban area, as commonly
chosen in the smart city literature (e.g., Brauer et al. 2015;
Yadav et al. 2017), is often too narrow to fully address the
mobility challenges, as commuters from rural areas that predom-
inantly use a private car have divergent needs and preferences.

Practical implications

One practical implication of our study pertains to how providers
of smart mobility apps can better put value co-creation with
potential customers into practice. Previous studies (Albrecht

and Ehmke 2016; Alt et al. 2019; Willing et al. 2017a,
2017b) show that smart mobility is currently more of a vision
than a reality, since the smart mobility apps have a number of
limitations. For example, only a small number of mobility pro-
viders and their mobility services are taken into account. While
there are first insights about why mobility providers do not
cooperate (e.g., Schulz et al. 2018; Schulz et al. 2020b;
Schulz and Überle 2018), the resulting consequences for the
attraction of potential customers had been unclear due to meth-
odological shortcomings of previous studies (Grotenhuis et al.
2007; Stopka 2014). The results of our CBC analysis can help
providers design a smart mobility app that is attractive to po-
tential customers. For instance, providers can compensate for a
relatively low value due to a small proportion of mobility pro-
viders by improving the remaining attributes, such as by
implementing one-click booking. A higher overall value also
always goes hand in hand with a higher willingness to pay
(Berger et al. 2015). In turn, this could make mobility providers
more willing to cooperate with providers of smart mobility
apps, which could further increase value co-creation.

Second, our results have implications for improving the
business model of providers of smart mobility apps.
According to Willing et al. (2017b, p. 178), IS research can
help to create a newmobility paradigm by adopting a business
model perspective to evaluate “the quality and the success
factors of the different intermodal solutions”. Our CBC anal-
ysis reveals the preference structures of potential customers
and thus the success factors of a smart mobility app. The
results also confirm that there are significant group differences
with regard to the age and the place of residence of potential
customers. Providers of smart mobility apps can thus develop
a sustainable business model by offering a high value propo-
sition to a specific target group, and thus differentiate them-
selves from competitors. For example, our study indicates that
potential customers under 25 years old who use at least two
mobility services can be offered a flat-rate, while people over
25 years old should be offered a fixed price. The target group’s
preference structure also has implications for the relevance of
activities and resources. For instance, it is less important for a
business model targeting big city dwellers who use at least
two mobility services to cooperate with different types of
companies (e.g., bike-sharing and taxi), than for a business
model targeting town dwellers. Hence, this research contrib-
utes to the emerging literature on business models in the smart
mobility domain (Gilsing et al. 2018; Turetken et al. 2019).

Finally, we contribute to research on monetarization strat-
egies for smart mobility apps, which is still in its infancy.
Based on interviews with three experts, Schreieck et al.
(2018a) recommend that customers should be subsidized, for
example through a service free of charge or a welcome bonus,
while city administrations should be charged. By integrating
the ‘app price’ attribute into our CBC analysis, we showwhen
it is possible to charge customers and when it makes more
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sense to charge city administrations. City administrations
should be charged when the sum of the estimated part-
worths would be negative or zero at the choice of a specific
price. Especially in the case of participants who predominant-
ly use a private car, the relative importance for the attribute
‘app price’, as well as the corresponding estimated part-worths
for ‘3 Euro’ and ‘5 Euro’ are relatively low, so charging the
customer is conceivable.

Limitations and further research

Although we conducted our study with the greatest possible
care, it has some limitations which should be addressed by
future research. First of all, our analyses are limited to
Germany. Several authors have concluded that Germany rep-
resents a suitable environment due to its pre-existing infra-
structure, high public pressure, and legal conditions (Marx
et al. 2015; Willing et al. 2017b). In addition, attitudes toward
private car ownership are changing among the younger gen-
erat ions (Bratzel 2018; Kuhnimhof et al . 2012;
Umweltbundesamt 2019). Nevertheless, our results should
be verified in other countries to account for country-specific
and cultural factors.

Second, in order to attract participants for our study, we
relied heavily on Facebook. This results in a bias towards
young people. We did, however, ensure that every group
contained at least 30 participants, the prerequisite for
expecting a normal distribution (Ofungwu 2014). In addition,
the sample was also split according to age, which enables us to
take into account the greater participation of younger people.
In other group comparisons, however, an age bias could exist,
which makes further studies necessary. From a practical point
of view, the focus on younger people offers an important
advantage, since foundations for the implementation of non-
private car-based mobility are laid during the early stages of
life (Umweltbundesamt 2019).

Third, in addition to age, we rely on the types of mobility
services that are used by the participants in a certain period of
time (Haustein and Hunecke 2013), and the place of residence
(Alsnih and Hensher 2005; Haustein and Hunecke 2013) to
define potential customer groups. However, besides these
criteria, there are numerous other segmentation criteria (see
Table 1) which can be used in future work. Especially the
use of the criterion ‘trip purpose’ (Semanjski and Gautama
2016; Xiao et al. 2016) promises new and deeper insights
into the preference structures of potential customers for a
smart mobility app. A corresponding indication can be
found in the results of Pronello et al. (2017) according to
which participants with a lower share of trips to work and a
higher share for leisure and shopping trips are unwilling to pay
for a smart mobility app. In contrast, in particular participants
who use their private car for driving to work are willing to pay
for a smart mobility app.

Fourth, the choice of CBC analysis as method of investi-
gation causes some limitations. We assume that the acquisi-
tion of a smart mobility app will lead to a decline in the use of
the private car and instead will promote the use of alternative
mobility services. However, while CBC analysis is the best
method to mimic the real choice decision of potential cus-
tomers (Backhaus et al. 2015; Berger et al. 2015), it does not
allow conclusions to be drawn about the use of the smart
mobility app after the purchase. Future research should there-
fore examine continued use patterns across different groups of
buyers. In addition, the relationship between the use of the
smart mobility app and a possible behavioural change should
be explored. In particular, long-term studies should be carried
out as mobility behaviour changes over time.

While the focus of the present study is on determining the
preference structure for different groups of potential cus-
tomers, future work may use CBC analysis to determine their
willingness to pay for smart mobility apps (Naous and Legner
2017). Furthermore, the focus of CBC analysis is on the attri-
butes and attribute levels of the smart mobility apps, in other
words, on how techno-economic characteristics affect choice
decision (Naous and Legner 2017). The results of Schikofsky
et al. (2020) show, however, that in the present context the
intention to adopt a smart mobility app might also depend on
further motivational factors, such as hedonic motives (e.g.,
fun, pleasure), perceived usefulness (e.g., perceived efficiency
and performance) and perceived ease of use. Hence, in order
to understand the acceptance of smart mobility apps in it’s
entirely, the results of the present study should be used to
inform further research that adopts the Technology
Acceptance Model (TAM). An interdisciplinary overview of
the different methods usable for the analysis of technology
acceptance is provided by Head and Ziolkowski (2012).

Sixth, we are subject to some limitations in the interpreta-
tion of the results of our CBC analysis. Potential customers are
often already more or less tied to a specific mobility provider
by a customer loyalty program (e.g., a discount card), or at
least influenced in their choice by previous experience with a
mobility provider and its mobility service. Due to the high
complexity, our CBC analysis does not take into account the
corresponding relationships. Future research could use exper-
iments for such investigations. In addition, our results show
that the attribute levels of ‘price model’ in general have no
significant effect on the choice decision. Future studies should
examine whether dynamic pricing can be used to increase the
use of mobility services and the revenues they generate.

Conclusion

Achieving smart mobility, defined as the IT-supported bun-
dling of different mobility services to get from origin to desti-
nation, is seen as an important contribution to reducing the
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predominant use of the private car, and to solving associated
mobility-related challenges. Our approach is novel in that we
analyse the preference structures of different potential customer
groups for a smart mobility app. In particular, we take into
account the effect of potential customers’ age and place of
residence. A CBC analysis and the necessary preliminary stud-
ies were carried out in Germany. Our results indicate, among
other things, that the app price is often the most important
attribute affecting whether individuals choose one smart mobil-
ity app over another. In the group of participants who predom-
inantly use a private car, however, the app price does not play a
significant role, regardless of age and place of residence.
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