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A B S T R A C T   

This paper examines the potential role of Mobility-as-a-Service (MaaS) as a transport demand management 
(TDM) tool to influence commuting mode choice. A stated choice experiment was conducted among employees 
in the Netherlands to capture the effect of integrating TDM measures with MaaS on mode choice behavior. We 
found that the train and car-sharing attributes’ variations are influential factors on employees’ mode choice 
behavior. Moreover, the mobility package price played a significant role in mode choice even though most 
employees in the Netherlands receive a full or partial travel allowance from their employers. Similarly, the in-
crease in parking tariffs was an influential measure for car users who used street/garage parking spaces. How-
ever, the effects were not equal for all respondents. Young, low-income and multi-modal commuters are more 
susceptible to travel behavior changes than old, high-income, and car-dependent employees. In conclusion, MaaS 
could be seen as a promising element in TDM strategies combining carrots (enablers) and sticks (deterrents), 
albeit for specific groups users.   

1. Introduction 

To utilize the transport infrastructure as efficiently as possible and 
improve the accessibility and sustainability of cities, effective manage-
ment of transport demand and resources is needed. In the Netherlands 
and in many other countries policy makers seek to reduce the need for 
road infrastructure and promote sustainable forms of transport using 
Mobility Management (MM) or Transport Demand Management (TDM) 
strategies. According to Meyer (1999), a TDM measure is ‘any action or 
set of actions aimed at influencing travel behavior in such a way that 
sustainable mobility options are presented and/or auto trips are 
reduced’. It refers to the development of a set of mechanisms influencing 
people’s behavior by mode, time, cost, or route so that sustainable 
modes are promoted (Ison and Rye, 2008; Meyer, 1999). TDM strategies 
that combine carrots (i.e. enablers or incentives to promote desired 
travel behavior) and sticks (i.e. deterrents or disincentives to discourage 
undesirable ones) are argued to provide more effective results than 
strategies which focus on one of the two (Piatkowski et al., 2019; Meyer, 
1999). 

One of the promising approaches propagated in the literature to 
facilitate sustainable forms of transport is MaaS (Kamargianni et al., 
2016). MaaS refers to a digital mobility service platform that integrates 

multiple transport modes, including public transport, car-sharing, ride- 
sharing, car rental, bike-sharing, and taxi through a single interface 
(Hensher et al., 2020). The purpose is to restructure the mobility dis-
tribution chain by integrating multiple transport services and provide 
them to individuals as a single service. As a result, users and providers 
communicate instantaneously via a digital service platform and make 
the most appropriate and efficient journey matches (Djavadian and 
Chow, 2017). In other words, MaaS can be tailored to meet users’ travel 
needs and tastes by providing convenient alternative mobility options 
compared to private cars (Feneri et al., 2020). 

Despite no globally accepted definition for the term MaaS, some el-
ements have been repeatedly used to characterize it. For instance, MaaS 
should have a user-centric characteristic, where users are at the center of 
service or MaaS must integrate transport services into a single platform, 
where mobility options are created from multiple portfolios (Hensher 
et al., 2020). The key point in MaaS is that users can buy transport 
services based on their needs, not necessarily the means of transport 
(Kamargianni et al., 2016). This gives several supremacies to MaaS over 
conventional transport services. First, transport operators can detect, by 
inspecting the platform records, which are the exact characteristics of 
users, e.g., origins and destinations, time of travel, degree of flexibility, 
preferred price, and required comfort level. Second, service providers 
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can arrange their offers based on the transport demand. Third, mobility 
operators, providers, and users can monitor the transport modes’ 
availability; hence, they adjust their services to travel needs accordingly 
(Enoch, 2018). Fourth, MaaS gives the possibility of actively managing 
both supply and demand in real-time and in parallel (Hensher, 2017). 

TDM, on the other hand, refers to strategies that are aimed to change 
the way people perceive mobility services instead of physically altering 
transport infrastructures (Matyas and Kamargianni, 2018). Meyer 
(1999) defines TDM as any action or set of actions that seek to influence 
people’s travel behavior towards sustainable modes and private car 
usage. The most common TDM measures are offering incentives and 
disincentives on particular mode(s), managing parking tariffs and 
spaces, and reforming transport policies. These measures are usually 
applied to promote sustainable modes (Ison and Rye, 2008). 

Regarding the objectives of MaaS and TDM, both intend to promote 
the sustainability in the transport ecosystem. TDM measures are applied 
for many years to reduce private car usage and increase public transport 
ridership. Likewise, MaaS is mostly subsidized for increasing sustain-
ability of transport ecosystem. Thus, combining the TDM measures 
along with MaaS is expected to expedite achieving sustainability goals, 
including reducing private vehicles. If so, MaaS could be used as a TDM 
tool that promotes and facilitates changes in mode choice behavior and 
reduction of car-based trips. However, to the best of our knowledge, 
there is hardly any information on the TDM prospects of MaaS, except 
the work of Matyas and Kamargianni (2019), in which the authors 
explored the potential of MaaS as a TDM tool by surveying London 
citizens. In particular, they conducted a stated choice survey to examine 
characteristics of monthly MaaS subscriptions to promote shared modes, 
but did not include TDM measures such as parking prices. This research 
aims to provide insights into the potential role of the introduction of 
Mobility-as-a-Service (MaaS) platforms as TDM tools, particularly for 
commuting trips. This study constitutes a case study in transport policy 
because we generate insights related to the use of MaaS as a TDM tool 
that can be used in policy-making when aiming to reduce private ve-
hicles. Our study is, to the best of our knowledge, the first stated choice 
study examining TDM aspects of MaaS for commuting trips incorpo-
rating “sticks and carrots” strategies. 

The remainder of the paper is structured as follows. Section 2 reviews 
the existing literature on MaaS with particular attention to the man-
agement side and the results of MaaS pilot projects. Next, Section 3 
describes the data collection process together with the choice experi-
ment design, the sample characteristics, and the raking technique to 
weight the sample considering larger datasets. Section 4 presents the 
model selection and model specification as well as the results. Section 5 
discusses the implications of the results from the TDM perspective. 
Finally, Section 6 provides the main conclusions and direction for future 
research. 

2. Related work 

2.1. MaaS and TDM 

The novel nature of MaaS makes it difficult to fully define what 
implications accompany this concept. It can be perceived as an inno-
vative concept (a new idea for conceiving mobility), a new phenomenon 
(occurring with the emergence of new behaviors and technologies), or as 
an innovative mobility solution (integrating transport modes and 
mobility services) (Jittrapirom et al., 2017). Therefore, several defini-
tions are discussed in the literature. The very first comprehensive defi-
nition is provided by Hietanen (2014), in which MaaS is “a single 
interface that combines different transport modes to offer a tailored 
mobility package, similar to a monthly mobile phone contract, which 
could include other complementary services, such as trip planning, 
reservation, and payment.” Based on this definition, the core specifica-
tions of MaaS are bundling, integration of transport modes, and users’ 
need-based services. A similar definition has been given by Gould et al. 

(2015), where MaaS is “an opportunity to shift the interest from private 
car ownership/usage to alternative modes, e.g., electric vehicles, to 
mitigate the adverse impact of transport systems on urban contexts and 
the environment.” This definition brings the expectation that MaaS will 
replace the existing ownership-based transport with an access-based 
system. Giesecke et al. (2016) include the sociological levels and sus-
tainability dimensions into the MaaS definition considering users’ 
acceptance and adoption. 

TDM measures usually include incentives for achieving a desired 
behavior and disincentives for avoiding an undesirable behavior 
(Matyas and Kamargianni, 2019). The ‘carrot and stick’ rules are used in 
combination in the mobility management context. The primary purpose 
of TDM measures is to change travel behavior and reduce car-based trips 
while providing a wide variety of mobility options to everyone who 
wishes to travel (Robinson, 1997). Meyer (1999) grouped these mea-
sures into three broad categories: (1) offering alternative modes or 
service that results in higher per vehicle occupancy; (2) providing in-
centives/disincentives to reduce the number of trips or to push trips to 
off-peak hours; (3) accomplishing trip purposes via non-transport 
means, e.g., use of telecommunication for work or shopping. Smith 
(2008) added two other categories, namely parking and land-use man-
agement and policy reforms. 

In this context, MaaS could be the perfect interface to integrate 
public transport and shared modes because it can be provided as a single 
service similar to telecommunication and medical devices, where the 
‘bundling solution’ is proved to be more competitive than standalone 
products or services (Cusumano et al., 2014). For instance, prioritizing 
parking spots in certain areas for MaaS users would contribute to travel 
behavior changes. Regarding the second category of TDM measures, the 
MaaS pricing scheme could be considered the carrot rule to persuade 
individuals towards public transport and other shared modes or shift 
them to off-peak hours. Specifically, travel costs during off-peak hours 
could be reduced so that travelers are encouraged to avoid rush hours. 
Providing favored alternatives with persuasive prices while increasing 
the cost of other alternatives through MaaS could be an effective mea-
sure to influence mode choice behaviors. Moreover, increasing parking 
tariffs for private vehicles is another measure (a stick rule) introduced 
alongside the MaaS application. Currently, parking tariffs are applied as 
a standalone TDM measure to reduce car traffic inside the cities. 
Combining these measures (increasing parking tariffs and incentivizing 
public transport and shared modes with a MaaS application) might 
result in major travel behavior changes. As a result, this study’s primary 
focus is to investigate the potential of using MaaS as a TDM tool. The 
definitions of MaaS and TDM are provided in Table 1. 

2.2. MaaS and travel behavior changes 

Traveling is part of daily activities and, hence, subject to the influ-
ence of different factors. Generally, two types of factors form the core of 
the travel decision hierarchy. The first type is called reasoned factors, 
such as attitudes and preferences, and the second type refers to habits 

Table 1 
Definition of terms used in the research.  

Term Definition 

Mobility as a Service 
(MaaS) 

MaaS is a one-stop-shop mobility service platform that 
integrates public (train, metro, bus, tram) and private 
(car-sharing, car-rental, bike-sharing, taxi) modes of 
transport into a digital platform and supply them to 
individuals as a single service (Hensher et al., 2020). 

Transport demand 
management (TDM) 

TDM is a general term for the application of strategies 
that increase the efficient use of transport resources, 
most often by encouraging modal shifts from private 
vehicles to public transport and shared modes. TDM 
seeks to modify individuals’ travel behavior by 
providing incentives or restricting car trips (Habibian 
and Kermanshah, 2011).  
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and impulsive influences (Van Acker et al., 2010). In this sense, MaaS 
can potentially intervene in individuals’ attitudinal factors. Frequent 
claims have been made regarding the positive impacts of MaaS on travel 
behavior changes and sustainability. These claims mostly rely on the 
research findings of either pilot projects (e.g., Karlsson et al., 2017a; 
Sochor et al., 2015; Hensher et al., 2021; Ho et al., 2021) or primary data 
collection (e.g., Matyas and Kamargianni, 2019; Ho et al., 2018; Ho 
et al., 2020; Feneri et al., 2020; Caiati et al., 2020). 

MaaS pilots are mostly centered around European cities, such as 
Ubigo in Gothenburg, Smile in Vienna, the Mobility Shop in Hannover, 
MyCicero in Italy, Whim in Helsinki, and CityMapper in London. 
However, few of them have publicized their results. In the six months 
trial of the Ubigo, it was found that MaaS influenced travel patterns at 
the household level, mainly modal shifts toward public transport 
(Sochor et al., 2015; Sochor et al., 2016). The trial results showed found 
that 44% of the Ubigo users had reduced their private car usage during 
the trial period (Karlsson et al., 2017b). Moreover, 64% of its users had 
increased their use of alternative modes, like car-sharing and bus/tram, 
where 97% of these users were satisfied with their mobility options 
(Karlsson et al., 2016). Another ex-post study by Strömberg et al. (2018) 
on the Ubigo trial identified several groups of travelers who showed 
different intentions in using MaaS, of which ‘car shedders’ and ‘econo-
mizers’ groups reduced their car use significantly by 95% and 53%, 
respectively. Similarly, the result of the Austrian pilot (Smile in Vienna) 
also reported positive effects of MaaS on its users’ travel behavior, 
leading to an increase in the use of shared services and electric mobilities 
(Karlsson et al., 2017a). Furthermore, 48% of the Smile users stated that 
their travel patterns have changed since joining the trial project, and the 
service enabled them to take faster routes, combine multiple modes, and 
subscribe to new mobility options that they had never used before 
(Smile-mobility, 2015; Karlsson et al., 2017a). 

In another pilot project in an industrial area in Stockholm, the 
concept of Corporate MaaS (CMaaS) was introduced. It provided inter-
nal mobility options at the worksite as well as limited commuting ser-
vices (Hesselgren et al., 2020). From the 14,000 employees working in 
the area, about 25% became active users of the CMaaS within the first 
four months. Results showed that though travel behavior changes were 
limited and only significant due to electric bikes, participants appreci-
ated the CMaaS service’s time efficiency, flexibility, and convenience. 
Nonetheless, neither public transport nor CMaaS appeared to be 
competitive alternatives to private cars in the Stockholm industrial area. 
Two-third of employees who used to drive still had commuted with 
private cars during the trial period (Hesselgren et al., 2020). 

Though most pilots are run in European cities, Australia also 
launched its first MaaS trial in Sydney in April 2019. The trial’s objective 
was to explore interests in MaaS subscription plans and to assess the 
extent to which monthly subscriptions might change private car usage 
(Hensher et al., 2021). The trial results revealed that the combination of 
monthly subscriptions and mode-specific discounts significantly impacts 
the success of MaaS. The authors argue that financial incentive is crucial 
for achieving noticeable outcomes in favor of sustainable transport 
modes. MaaS without monthly mobility bundles is nothing but an 
attractive trip planner that might slightly change travel behavior by 
providing better information. Hensher et al. (2021) concluded that MaaS 
has the potential to induce travel behavior changes aligned with sus-
tainability goals. In another study on the Sydney trial, Ho et al. (2021) 
investigated the participants’ choice between pay-as-you-go and four 
bundles, introduced step-by-step within a five-month period. It was 
found that financial savings and socio-demographics are influential 
factors in the selection of specific bundles. Furthermore, societal moti-
vation for MaaS was found to play a vital role in travel behavior changes 
from private cars to more sustainable intermodal modes (Ho et al., 
2021). 

The Ubigo, Smile, CMaaS, and Sydney trials revealed that MaaS 
might contribute to the higher use of public transport and shared modes, 
higher multi-modality, and lower use of private cars. However, the term 

‘reduce’ is not specified in any of the reviewed studies. It is not clarified 
to what extent users reduced their private car usage, for example, using a 
private car two days a week instead of four or five. Furthermore, the 
studies do not elaborate on the modal shift from public transport to car 
sharing and car rental. In that sense, the relationship between MaaS and 
travel behavior changes would be different. Additionally, half of the car 
owners of the Ubigo trial were reluctant to the idea of having access to 
shared cars instead of owning one. Perhaps, MaaS could replace the 
ownership of second cars, not the primary ones (Karlsson et al., 2017a). 

Focusing on the literature that explores users’ preferences and MaaS 
impacts on travel behaviors based on the primary data, most studies 
have used stated preference (SP) experiments. In such experiments, re-
spondents are asked to choose mobility option(s) in a series of hypo-
thetical situations where MaaS is not yet introduced. For example, 
Kamargianni et al. (2018) studied Londoners’ attitudes towards owning 
and using a car and potential modal-shifts using a sample of 1570 in-
dividuals. According to the study, Londoners believe that MaaS could 
offer them flexibility in their daily traveling and, hence, they are willing 
to use it. 33% of car-owners stated that MaaS might reduce their de-
pendency on cars, and 25% would even be willing to sell their vehicles 
for unlimited car-sharing access in the next couple of years. Further-
more, 35% of car-users expressed a tendency to replace their car usage if 
they are given unlimited access to public transport (Kamargianni et al., 
2018). MaaS could also prevent non-car-owners from buying cars. In a 
later study by Matyas and Kamargianni (2021) in Manchester (UK), the 
authors used Latent Class Choice Model to examine preference hetero-
geneity towards the MaaS packages. The results showed that individual 
characteristics, package specifications, current travel behavior, and 
accessibility to public transport determine whether travelers would opt 
for MaaS. In general, young, high-income, and frequent public transport 
and taxi users are more likely to adopt MaaS as their new mobility 
service. 

Similarly, Ho et al. (2018); Ho et al., 2020 conducted two separate SP 
experiments in Sydney (Australia) and Tyneside (UK). Their studies 
revealed potential differences between car-users and non-car-users 
concerning their preferences towards MaaS bundles. In Sydney, 
frequent car-users (3–4 times per week) showed more tendency than 
average to subscribe to MaaS, while current public transport users 
expressed less interest in the MaaS packages (Ho et al., 2018). 
Conversely, in Tenyside, non-car-users had the highest willingness to use 
MaaS. Frequent public transport users were more likely to buy mobility 
options tailored to their needs (Ho et al., 2020). A similar study in Seoul 
metropolitan area revealed that private car-users might not particularly 
replace their cars with MaaS intermodal options. However, if they are 
reluctant to commute by private cars due to costs or traffic congestion, 
MaaS could become a likely alternative (Kim et al., 2021). On the other 
hand, public transport users who actively look for new ways of traveling 
might be encouraged the most to opt for MaaS. The underlying reason 
for such contradictory findings in these cities could be differences in 
their public transport services. In Sydney, public transport is heavily 
subsidized by the government, while Tyneside has a highly deregulated 
and complicated fare structure (Ho et al., 2020). In Seoul, traveling via 
public transport is already inexpensive, and, therefore, public transport 
providers are not interested in further fare discounts through MaaS (Kim 
et al., 2021). 

In the Dutch context, no ex-post study is carried out despite the ex-
istence of a handful of MaaS pilots around the country. However, several 
ex-ante studies have been conducted to explore public preferences for 
MaaS and its potential impact on travel behavior changes. For instance, 
Caiati et al. (2020) performed a stated portfolio choice experiment, in 
which respondents could build their favored bundles. A web-based 
survey was conducted in two large regions of the country, Amsterdam 
and Eindhoven. Results indicated that the overall cross transition effects 
among different transport modes are limited. In a later study in the same 
regions, Jang et al. (2021) found that MaaS could improve or deteriorate 
transport sustainability depending on the transitions from non- 

Z.H. Farahmand et al.                                                                                                                                                                                                                         



Case Studies on Transport Policy xxx (xxxx) xxx

4

environmentally-friendly to more environmentally-friendly modes, or 
vice versa. For example, current car owners may choose bundles that 
include only public transport and other active modes. In contrast, some 
public transport users may opt for car-rental and car-sharing options. 
Nevertheless, the combination of monthly fees and discounts for various 
transport modes could influence users’ preferences for sustainable 
modes provided through MaaS (Feneri et al., 2020). Based on the find-
ings of Feneri et al. (2020), current car-owners and passengers are more 
willing to switch other modes compared to walkers or bikers once MaaS 
is introduced. Perhaps this is because their respondents were from a 
group of travelers who had shown high interest in MaaS before con-
ducting the survey. Gruijter (2019) also performed a SP experiment in 
the Paleiskwartier neighborhood (Den Bosch city). The study found that 
people who frequently use train and travel planning applications could 
be the early adopters of MaaS. 

MaaS is not only of interest to ordinary travelers but also to tourists. 
Kim et al. (2021) explored MaaS for tourists using a web-based SP survey 
conducted in May 2019 among visitors in Jeju Island, South Korea. The 
study revealed that in the context of tourism, MaaS could contribute to 
transportation sustainability by tailoring its packages in favor of more 
environmentally-friendly modes. Despite variations in the tourists’ 
preferences concerning their individual and travel-context attributes, 
MaaS can be used to provide customized tour bundles that reflect 
tourists’ travel needs, meanwhile, contributing to sustainable transport 
(Kim et al., 2021). This allows promoting or reducing the use of specific 
travel modes in a tourism context. 

Summarizing the literature, there are contradicting findings in terms 
of the users’ preferences and impacts of MaaS on travel behavior. A 
variety of factors such as MaaS related attributes, current mobility 
choices and habits, and socio-economic characteristics can influence the 
uptake of MaaS and its impacts on changing travel behaviors (Matyas 
and Kamargianni, 2021; Kim et al., 2021; Matyas and Kamargianni, 
2019; Jang et al., 2021; Caiati et al., 2020; Ho et al., 2018). The positive 
and negative effects of the factors vary among studies in different cities. 
Nevertheless, it is clear that we need more than digital platforms or fare 
discounts to induce and endure sustainable transport practices and 
travel behavior changes. Thus, implementing stick measures alongside 
carrot measures might contribute to more sustainable transitions among 
transport modes, especially from private cars to public transport (Hes-
selgren et al., 2020). 

2.3. Research gap and contribution 

The general expectations about MaaS are that it would result in 
better management of mobility services, reduce the pressures on trans-
port infrastructures and increase the use of more environmentally 
friendly modes. However, this is hardly investigated in the literature. 
The vast majority of previous studies focus on either user acceptance or 
bundle configurations, mainly by giving discounts. However, only 
incentivized alternatives (carrots) might be insufficient to result in sig-
nificant travel behavior changes, particularly for private car users. 
Therefore, some of the TDM measures (sticks) should be introduced 
alongside MaaS offers to discourage private car use. This aspect of MaaS 
remains unexplored so far, except (Matyas and Kamargianni, 2019). 
Having said that, our study contributes to the nascent knowledge of the 
MaaS in several ways. First, this study sheds light on understanding the 
relationship between MaaS and TDM measures through a stated choice 
experiment among employees in the Netherlands. Second, we introduce 
both incentives and disincentives in mobility packages to investigate 
how we can influence commuters’ mode choice behavior. This study 
provides insightful understandings of how we can influence travel 
behavior changes aligned with sustainability objectives. 

3. Data collection, preparation and description 

3.1. Data collection 

A stated choice (SC) experiment was designed as part of a survey 
questionnaire distributed among employees in the Netherlands, aiming 
to investigate their commuting mode choice behavior with hypothetical 
mobility packages. Our survey’s focus was on employees who commute 
to work by public transport and private or lease cars, excluding bicycles 
and scooters because they are less likely to use MaaS. 

The first step in the SC experiment design is to specify alternatives 
(choice options), related attributes, and their levels. In the pre-test 
survey, we included a wide range of transport modes such as public 
transport (train, bus, tram, metro), car-sharing, e-bike sharing, taxi, 
bicycle, on-demand bus, and car rental. This had complicated the stated 
choice questions, and it was difficult for respondents to differentiate 
between multiple alternatives. Moreover, in-depth qualitative in-
terviews with the trial participants in Sydney found out that MaaS users 
seek to have limited modes in their subscription (two or three modes at 
most), and pay-as-you-go alone was not much of interest to most of them 
(Wong and Hensher, 2020). Thus, we had to consider carefully the 
number of alternatives in the choice experiment design and include 
transport modes that are more suitable for commuting to work. Taxis, 
on-demand buses, car rentals, and bicycles were therefore eliminated 
from the alternative list. The explanation is that the study mainly focuses 
on employees who commute to their work several times per week, and 
they prefer to have access to transport modes without time and space 
restrictions. For instance, car-rental is only available in specific areas, 
and users need to collect and return the rented car to the same location. 
This is inconvenient for employees to arrange their commuting mode 
daily. As a result, we focus on three mobility packages that combine 
public transport modes (train with bus/tram/metro), train with e-bike 
sharing, and car-sharing with e-bike sharing as follows:  

• Train + e-bike sharing: in this package, the train serves as the main 
transport mode. Employees can transfer from the train to a shared e- 
bike to reach their final destination (home or workplace). In this 
case, e-bike sharing is expected to act complementary to train for the 
last-mile travel between railway stations and home or workplace 
locations. The assumption is that e-bike sharing hubs are dispersed 
around a city, and there are no accessibility constraints.  

• Train + bus/tram/metro: in this package, trains serve as the primary 
mean of commuting and bus/tram/metro as a complementary means 
for last-mile travel.  

• Car-sharing + e-bike sharing: in this package, car-sharing serves as 
the main transport mode, and e-bike sharing is used for last-mile 
travel. The assumption is that people can find shared cars at car- 
sharing spots near their homes and working places, but they need 
to use e-bike sharing to reach the car-sharing spots. 

In the SC experiment design, we included six attributes, three levels 
each. These attributes are the amount of free ride with train, bus/tram/ 
metro, e-bike sharing, car-sharing, the price of mobility packages, and 
the increase in the parking tariffs for car users. The selection of attribute 
levels was based on each transport provider’s current subscriptions 
while considering the work-related travel demand of a normal 
employee, e.g., 3–5 times traveling to work. The train attribute levels 
are: unlimited rides to work regions, 20 day-return tickets to work re-
gions, and 15 day-return tickets to working regions. The attribute levels 
for bus/metro/tram slightly differ from trains because the day-return 
ticket does not exist for these modes. Therefore, bus/tram/metro attri-
bute levels are specified as unlimited rides to working regions, 20 day- 
tickets to working regions, and 15-day tickets to working regions. Car- 
sharing attribute levels are 60 free minutes per day, 50 free minutes 
per day, and 40 free minutes per day. It was stated that after the free 
minutes, a cost of €0.26 is applied for each extra minute of driving. This 
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fare price is based on the fare price of Car2go1. It must be noted that 
providing unlimited rides with car-sharing was not included in the 
mobility package due to its high cost. Regarding e-bike sharing, the 
levels of the attribute were “unlimited rides”, “2 free hours per day”, and 
“1 free hour per day”. The cost of extra hours of cycling was set to €2.0 
per hour based on Ubree2. 

Attribute levels for the price have been created based on the litera-
ture (Caiati et al., 2020) and the average subscription costs for public 
transport in the Netherlands. These levels are €140/month, €180/ 
month, and €200/month. The increase in parking tariffs is the only 
‘stick’ measure expected to influence private vehicle owners’ 
commuting choice behavior considering employees’ longer duration of 
parking compared to other travelers (Kaths, 2011). However, parking in 
the Netherlands is managed by local authorities and hence differs rela-
tive to the location of parking spaces. The parking cost is €3.50/hour for 
some areas, which increases up to €8.0 per hour in areas like Amsterdam 
city. Thus, we specified the increase in parking tariffs to €1.0/hour, 
€1.5/hour, and €2.0/hour, which are added on top of the cost of parking 
spaces that an employee currently uses. The reason for including only 
the scenario of increasing (not decreasing) parking tariffs in the SC 
experiment is that parking prices have been constantly increased in the 
Netherlands’ large cities over the past years. Local authorities try to 
further increase parking prices and limit companies’ parking spaces. 
Examples could be Amsterdam and Utrecht car-free zones. Because of 
this, it is not reasonable to expect parking price decreases in the fore-
seeable future. Second, we would like to explore TDM strategies that 
may offer carrot and stick measures that have the potential to reduce the 
use of private vehicles. Increasing parking tariffs is the only ‘stick’ 
measure in this study. Table 2 provides the attributes and attribute levels 
used in the SC experiment design. 

After specifying the alternatives, attributes, and attribute levels, we 
used the ‘orthogonal factorial design’ in which the orthogonal arrays 
have balanced levels. It means that all the attribute levels appear with 
the same frequency, which maximizes the statistical power of the 
experiment (Dillingham, 2016). In total, 54 profiles with three alter-
natives each were generated. Later, we divided the profiles into six 
choice sets, with nine profiles each. From each choice set, one random 
profile was displayed to each respondent. In other words, each respon-
dent replied to six choice questions. Notably, the formulation of these 
questions depends on whether a respondent commuted by car or other 
means of transport. For non-car users, we formulated the choice ques-
tions towards the choice of desired mobility packages. For car users, on 
the other hand, the choice questions were associated with the increase in 
parking tariffs. We also included the ‘none’ option in the choice ques-
tions so that the respondents could have freedom of choice. Further-
more, selecting the ‘none’ implies that a respondent preferred to 
continue using his/her current mode(s). Fig. 1 shows sample choice 
questions. 

The questionnaire starts with a short introduction to the context of 
the survey and the purpose of the study. In the first part of the ques-
tionnaire, we asked respondents about their current commuting pat-
terns, including commuting mode, frequency, time, car ownership, 
departure and arrival time on a normal day, etc. Notably, the survey 
ended after the first part for respondents who solely commuted by bi-
cycle/scooter or walk to their works. The second part of the question-
naire started with a short explanation of MaaS and a 57-s video 
introducing the MaaS concept (Provincie Noord-Brabant, 2018). 
Furthermore, the respondents were asked about their socioeconomic 
characteristics like age, gender, income, and education. The question-
naire also included questions related to attitudes towards MaaS and 
willingness to reduce car ownership and substitute part of their car trips 

with public transport and shared modes. For further details on the sur-
vey please refer to the Supplementary data. 

The data was collected through an online survey in the Netherlands 
between May 13th and June 20th, 2020. We used the following channels 
to recruit respondents:  

• Sharing the questionnaire with more than 150 participants of a 
previous survey conducted by MAPtm in Amsterdam Southeast (SE).  

• Sharing the survey link with HR managers of local companies whose 
contact details were provided by a student association at the Uni-
versity of Twente.  

• Sharing the survey link on Social media, where the link was re-shared 
26 times on Linkedin. The link was posted in 58 Linkedin and 14 
Facebook groups.  

• The questionnaire was also dispersed among personal networks via 
emails and LinkedIn messages. 

Table 3 shows the number of respondents who clicked, started, and 
completed the questionnaire. From the 487 survey participants who 
opened the questionnaire link, 411 (84.4%) started, and 307 (63%) 
completed the questionnaire. 

3.2. Data preparation 

The collected data were checked for outliers and unreliable re-
sponses. Five respondents had continued filling the questionnaire 
despite not being in the target group due to commuting by bicycle or 
working outside of the Netherlands. So, they are identified as outliers. 
The data were also checked for the duration of survey completion. 
Considering the total number of questions displayed to each respondent, 
the survey was expected to take approximately 8–10 min, and those who 
completed in less than 4 min were unreliable responses. Two re-
spondents had completed the questionnaire in less than 3 min, which is 

Table 2 
Overview of attributes and attribute levels.  

Alternative Attributes #levels Levels 

Train amount of free 
ride 

3 Unlimited rides to work 
regions 
20 day-return tickets to 
work regions 
15 day-return tickets to 
work regions 

Bus/tram/metro amount of free 
ride 

3 Unlimited rides to work 
regions 
20 day tickets to work 
regions 
15 day tickets to work 
regions 

Car sharing amount of free 
ride 

3 60 free minutes/day then 
pay per minute 
50 free minutes/day then 
pay per minute 
40 free minutes/day then 
pay per minute    
standard fare: €0.26/ 
minute  

E-bike sharing amount of free 
ride 

3 Unlimited rides 
2 free hours/day then pay 
per hour 
1 free hour/day then pay 
per hour    
standard fare: €2/hour  

All alternatives package price 3 €140/month  
€180/month   
€200/month  

Current mode 
(private/lease car) 

Inc. in parking 
tariffs 

3 €1.0/ hour  
€1.5/hour  
€2.0/hour   

1 Car2go is a car-sharing provider that offers shared cars in many big cities in 
the Netherlands.  

2 Ubree is a bike-sharing company that provides electric bikes. 
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completely impossible. Thus, their responses were excluded from further 
analyses. In addition, 17 respondents paused the survey and continued it 
later since the duration of their survey completion was longer than 30 
min. However, there was no evidence of wrongly entered values in their 
responses, and we therefore kept them in the dataset. In total, 71 of the 
307 respondents were deleted and the other 236 were found reliable 
respondents for further analyses. Since each respondent received six 
choice questions, a total number of 1416 observations were regarded in 
the choice modeling procedure. 

3.3. Descriptive statistics 

The sample is being evaluated for its representativeness of the pop-
ulation. In this study, we compared the sample with two large datasets, 
namely OViN-20173 and Wave-20164. We performed the Chi-square test 
to check if the sample is representative of the working population in the 
Netherlands. The test compares the observed number of respondents in 
the sample with the expected numbers. If the chi-square value of a 
variable is insignificant (p-value>0.05), there are no (or insignificant) 
differences between the distribution of that variable in the sample and 
the population. The test was conducted for gender, education level, age, 
and income. 

Regarding gender, the male/female ratio of respondents is not 
completely representative of the population. The chi-square test shows 
that, for this variable, the sample slightly over-represents female re-

spondents (55.5%) over males (44.5%). Similarly, the sample over- 
represents highly-educated employees. The chi-square test also in-
dicates significant differences between the sample and the populations 
(p-value<0.05). The average age of the respondents is 40 years old, with 
a standard deviation of 11.66 years. Comparing this with the OVIN data, 
the sample slightly over-represents younger employees. Regarding the 
annual income, respondents with more than €40.000 and €30,000 to 
€40,000 account for 34.3% and 22% of the sample, respectively. Re-
spondents with annual income between €10,000 to €30,000 account for 
19.9%, and respondents with very low income (less than €10,000) ac-
count for only 5.5% of the sample size. Comparing with the Wave 2016 
data, the sample is less representative of the working population (p- 
value<0.05). It must be mentioned that 43 respondents (18.2%) did not 
want to share their income status. We labeled this group of respondents 
as ‘unknown.’ Fig. 2 shows the distribution of the sample characteristics 
compared to OVIN and Wave data. 

Since the sample we collected was not entirely representative of the 
working population in the Netherlands, we weighted the sample to the 
OVIN 2017 and Wave 2016 data to minimize the sample bias and 
enhance the results’ reliability. A robust technique to balance the sample 
distributions with the population is ‘raking’, also known as ‘proportional 
fitting’, ‘sample balancing’, or ‘ratio estimation’ (Kalton and Flores 
Cervantes, 2003). This technique fits the sample distributions to the 
population’s known distributions in an iterative process until conver-
gence (Royal, 2019). This way, the sample distributions become more 
similar to the distributions of the population considering all introduced 
parameters (Kalton and Flores Cervantes, 2003). Three variables are 
used to define raking weights: gender, education level, and income level. 
Since the annual income in OViN 2017 refers to the household income, 
we compared the income distribution with the Wave 2016 data. We used 
the ‘Anesrake’ package in R, which implements the ANES (American 
National Election Study) weighting algorithm to perform the raking 
technique. Table 4 shows the summary of raking weights. 

In addition to socioeconomic characteristics, employees were asked 
about their current commuting mode(s), frequency of commuting, pri-
vate/lease ownership, travel allowance, and parking spaces. Table 5 
represents an overview of the respondents’ commuting patterns. As can 
be seen in the table, most respondents use public transport and private/ 
lease car, of which 42.4% public transport (train, bus, tram, and metro), 
40.7% private/lease car, and 13.1% use both. These three groups ac-
count for about 96% of the sample. Regarding the parking spaces, most 
car-users (88.46%) use their employers’ parking spaces free of charge. 
This is of high relevance to the increase in parking tariffs, which will be 

Fig. 1. Example of choice questions for: (a) non-car users, (b) car users.  

Table 3 
Questionnaire completion.  

Questionnaire Clicked Started Completeted 

Language EN Count 188 149 109 
% of total 100% 79.3% 58.0% 

NL Count 270 234 177 
% of total 100% 86.7% 65.6% 

Amsterdam SE Count 29 28 21  
% of total 100% 96.6% 72.4% 

Total Count 487 411 307  
% of total 100.0% 84.4% 63.0%  

3 data from a survey carried out by CBS between 2010 and 2017 as a suc-
cessor to the Mobility Survey of the Netherlands (MON) that Rijkswaterstaat 
conducted from 2004 to 2009  

4 data from Mobility Panel of the Netherlands 
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discussed later. 

4. Model estimation and Results 

We use discrete choice modeling to explain individuals’ mode choice 
behavior concerning a set of alternatives. The goal is to investigate what 
attributes drive individuals to prefer one alternative over another. The 
assumption is that individuals select an alternative that gives them the 
maximum utility (Gkiotsalitis and Stathopoulos, 2015; Gkiotsalitis and 
Stathopoulos, 2016). The most common modeling choice in this direc-
tion is the multinomial logit (MNL) model (Hensher et al., 2005). In this 
model, observed components are assumed to be independent and have 
the same variance (identical). In this case, the probability that an indi-
vidual will choose alternative i is defined by the alternative’s utility. A 
more advanced version of MNL is the mixed logit (ML) model, which 
addresses the limitations of standard logit by allowing random taste 
variation, unrestricted substitution patterns, and correlation in unob-
served factors (Train, 2009). It is defined based on the functional form of 
choice probabilities. The behavioral specification with this form of 
choice probabilities is called ML, random parameter logit, mixed 
multinomial logit (MML), or hybrid logit model (Train, 2009; Hensher 
et al., 2005). Many studies highlight that the ML provides better inter-
pretive power and model fit than other logit models (Ye and Lord, 2014). 
According to Hess et al. (2005), there are several advantages in using ML 
instead of MNL:  

• ML accounts for the possible correlation over repeated choices made 
by each individual. Therefore, it does not need to satisfy the ‘inde-
pendence of irrelevant alternatives (IIA)’ property. IIA implies that 
the choice between two alternatives depends only on these two al-
ternatives’ characteristics, not necessarily the characteristics of other 
alternatives.  

• ML can be derived under several behavioral specifications with 
separate interpretations. 

Fig. 2. Histogram of sample distribution vs OVIN 2017 and Wave 2016 distributions for education, gender, age and annual income.  

Table 4 
Raking weights summary  

Min. 1st Qu. Median Mean 3rd Qu. Max. 

0.060 0.132 0.500 1.000 1.105 5.000 
Design effect: 2.522     

Note: The complete convergence is achieved after 35 iterations. 

Table 5 
Commuting patterns of respondents  

Category Response # of 
respondents 

Sample 
share 

Car ownership Yes 162 68.64% 
No 74 31.36% 

Travel allowance Fully 91 38.56% 
Partially 74 31.36% 
No 71 30.08% 

Commuting mode Private/lease car 96 40.68% 
PT + Private/lease car 31 13.14% 
Public transport 100 42.37% 
PT + car sharing 1 0.42% 
Car sharing 2 0.85% 
Bike sharing 2 0.85% 
PT + car sharing + bike 
sharing 

4 1.69% 

Parking place Employers’ parking 115 88.46% 
P + R parking 6 4.62% 
Paid parking (street/ 
garage) 

9 6.92% 

Commuting 
frequency 

5 times per week 97 41.10% 
4 times per week 78 33.05% 
3 times per week 33 13.98% 
Twice a week 14 5.93% 
Once a week 14 5.93%  
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• ML can closely approximate the multinomial probit model, in which 
normal distribution is used for the error term, instead of the logistic 
distribution used for MNL. However, unlike the probit model, ML 
represents situations where the coefficients follow other distribu-
tions than the normal distribution. 

In ML, the probability of all alternatives sums up to one; therefore, 
the ratio of choice probability for an individual is assumed to be unaf-
fected by the systematic utilities of other alternatives. This makes the ML 
model easy to utilize and provides an approximation to reality (Train, 
2009). Furthermore, using this model allows for similarities between 
alternatives in the unobserved part of the utility and relaxing the IIA- 
property (error component). Moreover, the model can measure the ef-
fect of multiple observations per individual, meanwhile, detect hetero-
geneity in the parameters of an attribute across the population, known 
as random coefficient (Hensher et al., 2015; Train, 2009). 

Let Ujtq present the utility an alternative j ∈ (1, ..., J) in each t of 
choice set T. Individual q considers the full set of alternatives in choice 
set T to choose an alternative that gives the maximum utility. The utility 
associated with each alternative j, chosen by individual q in choice sit-
uation t, represents a discrete choice model by utility expression (ten 
Have et al., 2020). The utility can be calculated as: 

Ujtq = ASC +
∑k

k=1
βqk xjtqk + εjtq = β

′

qxjtq + εjtq (1)  

in which ASC refers to “alternative-specific constants”, reflecting the 
deterministic part of the utility associated with an alternative. In other 
words, ASC in the output is the log odds of the model outcome when we 
set all factor variables at the base category and all continuous variables 
to 0. xjtq presents the observed variables, including attributes of the al-
ternatives, socioeconomic characteristics of employees and decision 
context (trip-specific aspects). βq is a vector of coefficients of explana-
tory variables for individual q which represents the person’s tastes and 
εjtq is a random term with Independent and identically distributed (IID) 
value (Train, 2009). 

The choice probabilities of ML model are the integral of standard 
logit probabilities over a density of parameters, which can be calculated 
as follows: 

Piq =

∫

Liq(β)f (β)dβ (2) 

In this equation, the logit probability calculated at parameters β is: 

Liq(β) =
eViq(β)

∑

j
eViq(β)

(3)  

where Viq(β) is the observed portion the alternative utility, related to the 
parameters β. If the utility is assumed to be linear, then Viq(β) = β

′xiq. In 
this case, the probabilities of the ML model are calculated using the 
following equation (Train, 2009): 

Piq =

∫
eβ

′
xiq

∑

j
eβ′ xjq

f (β)dβ (4)  

where f(β) is the choice density over the coefficient values, the so called 
mixing distribution. For the normal distributions N, the density takes the 
following form: 

fN(β|μ, σ) =
1
̅̅̅̅̅̅̅̅̅̅̅̅
(2π)σ

√ exp( −
(β − μ)2

2σ2 ) (5)  

where μ and σ denote the mean and standard deviation, respectively. 
Since each respondent in our study has to respond to 6 different choice 
questions (more than one observation for each individual), the proba-

bility that a person makes a sequence of choices is the result of logit 
formulas: 

Liq(β) =
∏T

t=1

⎡

⎢
⎣

eVt
iq(β)

∑

j
eVt

iq(β)

⎤

⎥
⎦ (6) 

To estimate the model, we used the “cmxtmixlogit” command in 
STAT/MP 16, which is applicable for ML models with panel data. 
Table 6 presents the results of the model estimation. To capture the ef-
fect of all attributes properly, we estimated the ML model several times. 
Notably, the packages’ price is set as a random parameter with normally 
distributed coefficients (approximated using 1000 Halton draws). It 
means that the coefficient value of the price varies over respondents 
instead of being fixed. Specifying the random coefficient reflects the 
correlation of choices across alternatives and thereby relaxes the IIA 
property of the ML model (Train, 2009). The amounts of free rides with 
train, bus/tram/metro, e-bike sharing, and car-sharing are considered 
fixed parameters. To properly capture the impact of mobility package 
attributes and socioeconomic characteristics and commuting-specific 
variables, called case-specific variables, several ML models are per-
formed as follows:  

• ML1: incorporates the mobility package attributes - known as 
alternative-specific variables that vary across alternatives and 
individuals 

• ML2: incorporates the mobility package attributes and socioeco-
nomic characteristics  

• ML3: incorporates the mobility package attributes and commuting 
specific variables like mode, travel time, and car ownership that vary 
across individuals  

• ML4: incorporates the mobility package attributes and commuting 
specific variables, like parking space and car necessity, and it was 
performed only for car-users 

The output of ML1, ML2 and ML3 are presented in Table 6. 
Considering the output of ML1, the coefficient related to the price of the 
mobility packages is statistically significant (p-value<0.05) in all three 
estimations. The small standard deviation (0.03) of price indicates that 
heterogeneity is very low in employees’ preference towards the price. It 
implies that the price still plays a significant role in the mode choice, 
even though a third-party (employer) usually pays it. This model esti-
mation also indicates that the train and car-sharing attributes have 
statistically significant effects on mode choice behavior, 0.46 and 0.26, 
respectively. The positive values mean that increasing the magnitude of 
free rides contributes to the related mobility packages’ utility. However, 
the car-sharing attribute loses its significance when controlled by case- 
specific variables. 

The alternative-specific constants (ASCs) were estimated for all 
packages where ’continue using current modes’ served as the base alter-
native. The constants partly capture the effects of the reference group 
(Ho et al., 2018). The results show that the estimated ASCs for all MaaS 
packages are significantly positive in ML1 and ML2. This implies that, all 
else being equal, respondents are more likely to subscribe to the pro-
vided packages. The higher the ASC of a package, the more likely re-
spondents would favor that package than the base alternative. In ML3, 
only the ASC related to car-sharing + e-bike sharing is significant at the 
90% confidence interval. It seems that including the commuting 
specific-attributes brings substantial differences in the modeling results. 
The explanation could be that car-users serve as the reference group in 
this model, and they are less likely to prefer any packages that include 
public transport in them. This becomes more evident in ML4 which is 
specifically performed for car users. 

To get a better picture of the package prices, sensitivity analysis is 
performed where we mapped the effect of a package price on the 
package choice probability and the choice probabilities of other pack-
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ages. Fig. 3 shows the marginal effects of the (increased and decreased) 
package price. Depending on the package configuration, the package 
price has different effects. For instance, increasing the price of train + e- 
bike sharing package from €120/month to €280/month reduces its 
choice probability from 43% to 17%. This also has an indirect impact on 
the selection of other packages and continuing using current modes. 
When the price of train + e-bike sharing increases, more respondents 
would stay with their current modes or select train + bus/tram/metro or 
car-sharing + e-bike sharing. Similarly, the choice probability of train +
bus/tram/metro package varies between 15.5% and 40% as a function of 
price. The car-sharing + e-bike sharing package, on the other hand, is less 
sensitive to price. After €200/month, its choice probability remains 
relatively constant. 

A better way to measure the effect of the SC experiment attributes is 

to calculate the marginal effects for each attribute individually. This 
refers to the choice probability of an alternative as a function of a 
particular attribute, which sums up to one across all alternatives. 
Regarding the attribute level of the train, including ‘unlimited rides to 
working regions’ has a noticeable effect on the selection of both pack-
ages: train + e-bike sharing and train + bus/tram/metro (Fig. 4-a). As 
shown in the figure, including unlimited rides with trains to the work 
region increases the choice probability of these packages on average 
13.5% compared to 15-day return tickets to the work region. In com-
parison, there is only a 3% difference between 1hour/day and unlimited 
rides with e-bike sharing. It is worth mentioning that e-bike sharing has 
a high marginal effect when included in the train + e-bike sharing 
package (Fig. 4-b). Interestingly attribute levels related to bus/tram/ 
metro have a very small effect on its choice probability (Fig. 4-c). Even 

Table 6 
ML model estimation results.  

Parameter ML1 ML2 ML3  

Coef. P-value Coef. P-value Coef. P-value 

Non-random Train 0.461 0.001 0.437 0.001 0.447 0.001 
Bus/tram/metro 0.055 0.623 0.044 0.695 0.191 0.075 
E-bike sharing 0.103 0.300 0.229 0.103 0.139 0.213 
Car sharing 0.258 0.065* 0.082 0.430 0.181 0.199 

Random Price -0.029 0.000 -0.027 0.000 -0.028 0.000 
sd(price) 0.031  0.029  0.029   

Continue using current modes Base alternative 

Train + e-bike sharing Gender(female)   0.018 0.986   
Age   -0.590 0.201   
Income   -0.966 0.041   
Education   0.768 0.269   
Car users     (base) 
Non-car users     5.336 0.000 
Multi-modal     3.442 0.016 
Car ownership (yes)     0.495 0.711 
Frequency     0.265 0.493 
Travel time     -0.734 0.128 
Travel distance     0.548 0.218 
Distance to railway station     0.798 0.330 
ASC 4.917 0.000 6.220 0.014 1.363 0.518 

Train + bus/tram/metro Gender(female)   0.162 0.876   
Age   -0.725 0.094*   
Income   -1.123 0.020   
Education   0.311 0.681   
Car users     (base) 
Non-car users     4.187 0.006 
Multi-modal     2.874 0.047 
Car ownership (yes)     -0.433 0.727 
Frequency     0.193 0.617 
Travel time     -0.118 0.818 
Travel distance     0.355 0.443 
Distance to railway station     1.310 0.124 
ASC 4.922 0.000 7.799 0.002 1.283 0.551 

Car-sharing + e-bike sharing Gender(female)   0.050 0.962   
Age   -0.711 0.056*   
Income   -1.155 0.010   
Education   -0.260 0.698   
Car users     (base) 
Non-car users     3.811 0.011 
Multi-modal     1.821 0.202 
Car ownership (yes)     0.069 0.958 
Frequency     0.226 0.540 
Travel time     -1.088 0.051 
Travel distance     0.369 0.386 
Distance to railway station     1.604 0.054 
ASC 4.885 0.000 9.156 0.000 4.147 0.071* 

Number of cases 1416.000 1416.000 1416.000 
Log simulated Likelihook -1450.210 -1405.510 -1335.218 
Wald chi2 43.520 83.520 118.290 
Prob > chi2  0.000 0.000 0.000 
Number of Halton draws 1000.000 1000.000 1000.000 
AIC 2918.428 2853.039 2724.435 
BIC 2965.729 2963.406 2866.336 

* Significant at 90% CI. 
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unlimited access to these modes could not attract the respondents’ in-
terest. Concerning the car-sharing attribute levels, as shown in Fig. 4-d, 
-d, with 40 min of driving with car sharing, the probability that re-
spondents would choose the car-sharing + e-bike sharing package is about 
15%. Increasing the free driving time to 60 min increases its choice 
probability to 21.5%. 

Regarding the socioeconomic characteristics, only age and annual 

income are found statistically significant (ML2). The striking point is 
that their effects differ per mobility package. For instance, income has a 
much higher negative impact on selecting the car-sharing + e-bike sharing 
package than train + e-bike sharing. Simultaneously, the effect of age is 
prominent on the selection of train + bus/tram/metro. The output of 
ML3, where commuting variables are included as covariates, indicates 
that the current commuting is an influential factor in the selection of all 

Fig. 3. Marginal effects of (increased & decreased) package price on choice probability.  

Fig. 4. Marginal effects of package attributes: (a) train, (b) e-bike sharing, (c) bus/tram/metro, (d) car sharing.  
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mobility packages. Commuting modes are classified into three cate-
gories: car users, non-car users, and multi-modal commuters. The car 
users group refers to respondents who mainly drive private/lease to 
work. Non-car users refer to the category of respondents whose primary 
commuting mode is other transport modes than cars. This means that 
they do not use cars for work-related trips. There is a third category of 
employees who commute by car but use public transport regularly, e.g., 
weekly. This category is named multi-modal commuters. Non-car users 
and multi-modal commuters are more likely to substitute their current 
commuting mode. Since non-car users are primarily public transport 
users and multi-modal commuters are partially public transport users, 
they do not completely shift their current modes. Notably, respondents 
who were living far from the railway stations favored car-sharing + e-bike 
sharing. In fact, public transport, particularly train, is not a good option 
for them. However, if their travel time is long, they are less likely to 
choose car-sharing + e-bike sharing. The remaining attributes are found 
statistically insignificant in commuting mode choice behavior. 

To capture the impact of covariates on choice probabilities, the 
marginal effects of these variables are calculated. Fig. 5-a presents the 
marginal effect for age groups. The relationship between age and choice 
probability shows that the respondents are more likely to stick to their 
current commuting mode when they are older than selecting one of the 
mobility packages. For instance, the probability that a respondent under 
the age of 30 years old would continue using his/her current mode is 
around 28%, while this percentage increases to nearly 50% for a person 
more than 60 years old. However, the variation in the choice probabil-
ities is not the same for all mobility packages. Train + e-bike sharing has 
the least variation with the age of respondents. Regarding the annual 
income, respondents who earn less than €20,000 annually are more 
prone to replace their current mode with one of the following packages: 
train + e-bike sharing (25%), train + bus/tram/metro (26%), and car- 
sharing + e-bike sharing (22.5%). The increase in annual income in-
creases the probability of sticking to the current modes (see Fig. 5-b). 
Similar results were found by Dargay (2001), where respondents with 
high income were less likely to replace their cars with alternatives 
modes. 

The results indicate that the current commuting modes explain em-
ployees’ mode choice behavior to a large extent. Fig. 6-a shows the 
marginal effects of commuting modes on the choice probability. As 
shown in the figure, nearly 54% of car-users chose to continue using 
their current mode rather than switching to alternative modes, while 
this percentage drops to 33% for multi-modal commuters and 21% for 
non-car users. There is also variation in selecting the mobility packages, 
where non-car users preferred train + bus/tram/metro. In contrast, car 
users favored train + e-bike sharing and car-sharing + e-bike sharing. It is 

worth noting that e-bike sharing outperformed bus/tram/metro for non- 
car users. The inclusion of e-bike sharing in the package increased its 
choice probability by nearly 11%. Interestingly, respondents with longer 
travel times are more likely to either continue using their current modes 
or choose train + bus/tram/metro. The longer the travel time, the less 
likely they are to choose train + e-bike sharing and car-sharing + e-bike 
sharing (see Fig. 6-b). 

4.1. ML model estimation for car user only 

As discussed in Section 3.1, car users’ choice questions were 
formulated to include an increase of €1.0/hour, €1.5/hour, or €2.0/hour 
in the parking costs. The respondents were asked which one of the 
provided mobility packages they would like to replace their private/ 
lease cars with in case the parking tariff is increased by the above 
amounts. 

In the ML4, the increase in parking tariffs and the price of mobility 
packages are set as random parameters, and the remaining attributes are 
set as fixed parameters. Moreover, we included the parking space and 
car necessity as covariates. The car necessity means that the person 
cannot go to your work without a car (e.g., due to physical constraints or 
taking your child to kindergarten). Table 7 provides the ML model 
estimation results for car users only. As can be seen in the table, the 
increase in parking tariffs is associated with a negative coefficient 
(-1.42) and is statistically significant (p-value<0.05). It means that 
increasing parking tariffs has a positive contribution to getting em-
ployees out of their cars. However, its large standard deviations 
demonstrate heterogeneity in their choice as a function of the increase in 
parking costs. Notably, the price of the mobility package is no longer 
statistically significant. Regarding the car necessity - respondents who 
said that they need their cars due to personal circumstances, e.g., car-
rying a baby seat - are found less likely to switch to alternative modes. It 
is reasonable because none of the mobility packages gives them the 
convenience of a car. Regarding the parking space, respondents who 
used paid parking places are more susceptible to changes in their 
commuting mode choice. However, the coefficient values related to the 
parking place are statistically insignificant. 

The estimated ASCs in the ML4 are small and statistically insignifi-
cant for all packages. This implies that if all variables are at their 
reference level, car-user respondents are more likely to stay with their 
cars - i.e., continue using current modes. Even though the ASCs related to 
car-sharing + e-bike sharing were significant in ML1-ML3, they are 
insignificant in this model. This could be due to additional variables 
specific to car usage, such as the increase in parking tariffs, car necessity, 
and parking places. 

Fig. 5. Marginal effects: (a) age; (b) annual income.  
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Like the package prices, the increases in parking tariffs also play a 
significant role in employees’ mode choice behavior. A sensitivity 
analysis is performed to capture the impact of these increases on the 
choice probabilities of the packages to understand their effect better. 
The analysis considers the increase levels assigned in the SC design and 
some additional scenarios of an increase between €0.5/hour to €4.0/ 
hour. As shown in Fig. 7, with a €0.5/hour, most respondents (69%) 
would continue using their current modes. This percentage drops to 38% 
when the parking tariff is increased by €4.0/hour. The train + e-bike 
sharing package gets the highest share out of this. Interestingly, more 
respondents would choose car-sharing + e-bike sharing rather than train 
+ bus/tram/metro. 

Even though the effect of the parking place is statistically insignifi-
cant, its effect depends on the type of parking spaces. As shown in Fig. 8, 
car-users who use their employers’ parking spaces are way less likely to 

Fig. 6. Marginal effects: (a) commuting mode; (b) commuting time.  

Table 7 
ML model estimation results for car users.  

Parameter ML4  

Coef. P-value 

Non-random Train 0.487 0.006 
Bus/tram/metro -0.124 0.450 
E-bike sharing 0.340 0.030 
Car sharing 0.167 0.505 

Random Price -0.023 0.161 
Inc. parking tariff -1.421 0.022 
sd(price) 0.013  
sd(Inc. parking tariff) 2.965   

Continue using current modes base alternative 

Train + e-bike sharing Car necessity (yes) -3.182 0.043 
Employer’s parking (base) 
Paid parking 3.369 0.271 
P + R location 1.197 0.564 
ASC -0.124 0.971 

Train + bus/tram/metro Car necessity (yes) -2.421 0.138 
Employer’s parking (base) 
Paid parking 4.590 0.195 
P + R location 2.010 0.361 
ASC 0.153 0.961 

Car-sharing + e-bike sharing Car necessity (yes) -2.731 0.073* 
Employer’s parking (base) 
Paid parking 4.611 0.149 
P + R location 0.262 0.908 
ASC 0.370 0.912 

# cases 780.000 
LL -531.189 
Wald chi2 105.320 
Prob > chi2  0.000 
# Halton draws 1000.000 
AIC 1102.377 
BIC 1195.563  

Fig. 7. Marginal effects on increase in parking tariffs.  

Fig. 8. Marginal effect of parking place.  

Z.H. Farahmand et al.                                                                                                                                                                                                                         



Case Studies on Transport Policy xxx (xxxx) xxx

13

change their commuting mode. For this group of respondents, the pre-
dicted probability of keeping their cars is around 54%, which drops to 
18% and 43% if they use a paid parking and P + R location, respectively. 
Notably, the choice probability of car-sharing + e-bike sharing fluctuates 
from 15% (employer’s parking) to 46% (paid parking) and 7% (P + R 
location). It indicates that car users who use street/garage parking are 
susceptible to substitute their cars with car-sharing + e-bike sharing when 
the parking tariff is increased. On the other hand, car users who use P +
R locations are willing to switch to train + bus/tram/metro or train + e- 
bike sharing (Fig. 8). 

Out of all package configurations in the SC experiment, the best 
configuration for non-car-oriented commuters (non-car users) is the 
unlimited rides with trains to the work region and unlimited rides with 
e-bike sharing at the price of €140/month. This configuration attracted 
the interest of most non-car car-oriented employees, and more than half 
(51.4%) of them would choose the train + e-bike sharing package with 
this configuration (Fig. 9-a). Interestingly, the probability of using cur-
rent commuting modes is only 20.5%. The best configuration for car- 
oriented respondents (private/lease cars users), on the other hand, is 
60 free minutes per day with car-sharing plus unlimited rides with e-bike 
sharing at a monthly price of €140. In this scenario, the choice proba-
bility of car-sharing + e-bike sharing is 38.5%. It demonstrates that 
providing car-sharing and e-bike sharing could serve as a promising 
substitution for private/lease cars, particularly for employees who use 
paid parking places. 

5. Discussion in using MaaS as a TDM tool 

The results of this study provide new insights regarding the potential 
of using MaaS as a TDM tool. It was found that price plays a vital role in 
the design of MaaS packages, even for employees who usually receive 
full or partial reimbursement for their work-related trips. It seems that 
employees, like every other traveler, have a cost-driven mindset, even if 
they do not pay themselves. It implies that incentivizing public transport 
and shared modes (carrots) within the MaaS ecosystem can encourage 
employees to change their commuting mode behavior. However, the 
amount of incentive depends on the modes included in the MaaS pack-
ages. At €150/month, for instance, the share of “train + e-bike sharing” 
package and “continue using current modes” is nearly equal (31%). At the 

same time, train + bus/tram/metro and car-sharing + e-bike sharing have 
the equal share at €140/month and €130/month, respectively. 
Furthermore, including train, especially with unlimited access to the 
work region, was an effective measure in mobility packages. As a stick 
measure, the increase in parking tariffs seems promising to get em-
ployees out of their cars. Even though none of the mobility packages 
stood out to be the most propitious alternative to private/lease cars, 
train and car-sharing did outweigh other modes. It is worth mentioning 
that increasing parking tariffs depends on the policy of public author-
ities, for example, to what extent they want to reduce private car usage. 
However, an increase of €2.0–2.5/hour could bring a desirable modal 
shift, nearly 50%. However, one should note that this modal shift does 
not happen only because of the increase of parking price, but also as a 
result of other attributes of the MaaS packages. 

Generally speaking, MaaS appears to be a promising TDM tool for 
specific categories of employees, if not for all. In particular, young, low- 
income, multi-modal commuters, and car users who use street/garage 
parking spaces are more likely to change their mode choice behavior as a 
result of integrating MaaS with TDM measures. On the other hand, MaaS 
is not an effective TDM tool when trying to influence the commuting 
behavior of old, high-income, and car-dependent employees. Part of the 
reason could be that car is an affordable option for them, or they are car- 
dependent due to age. 

Despite the positive contribution of MaaS in favor of public transport 
and shared modes, we should also note that there are two unwanted 
consequences when using MaaS as a TDM tool:  

• First, we observed that car users are very likely to favor car sharing 
rather than public transport. It means that the nature of car-based 
traveling will not change by shifting to car sharing.  

• Second, some employees who commute only by public transport 
would want to switch to shared modes. 

There are also some limitations in this study that affect the way its 
results should be interpreted. Since MaaS is not yet a popular concept, 
different travelers might have different perceptions of it. During the 
survey, the MaaS concept was explained to respondents through text and 
a short video to prevent them from making their own assumptions, but it 
is possible that respondents still did not fully grasp the concept. 

Fig. 9. Best configurations for: (a) non-car oriented, (b) car-oriented respondents.  

Z.H. Farahmand et al.                                                                                                                                                                                                                         



Case Studies on Transport Policy xxx (xxxx) xxx

14

Furthermore, the survey was conducted during the early stages of the 
COVID-19 pandemic. Though COVID-19 did not directly impact the 
survey and model estimations because respondents were asked to fill the 
survey considering their normal commuting patterns, we cannot 
completely ignore changes in the people’s attitude towards traveling in 
general. Having said that, we believe that this impact is minimal because 
the survey was conducted at the early stages of COVID-19, and re-
spondents did not have the time to completely change the way they 
make travel choices. 

6. Conclusion 

This research examined the potential role of MaaS as a TDM tool for 
commuting mode choice, based on a stated choice survey with em-
ployees in The Netherlands. Several mixed logit (ML) models were 
estimated to capture the quantitative effect of various variables on the 
commuting mode choice behavior for different MaaS packages. The 
main conclusion is that introducing TDM measures alongside MaaS re-
sults in a carrot and stick strategy that might promote shared mobility 
and public transport use. In particular, the ML model estimations 
revealed that the train and car-sharing attributes, as well as price and 
increase in parking tariffs, are influential factors in the mode choice 
behavior of commuters. Moreover, substantial differences exist between 
different age groups, corresponding to the findings of Raijmakers 
(2019); Ratilainen, 2017. In particular, it appears that young people do 
not have strong desire to keep their current mode choice behavior and, 
hence, MaaS can encourage them to change their commuting mode. 
Likewise, private cars are not affordable for low-income employees who 
might see MaaS as a way to reduce costs. We also found that respondents 
who mainly drive private/lease cars to work were less likely to replace 
their cars with other modes, especially public transport. Analyzing the 
respondents’ age and annual income, it became clear that car users were 
mostly old and high-income employees. 

This research focused on investigating the potential benefit of using 
MaaS as a TDM tool in terms of reducing the car use for commuting trips. 
Future research could be directed at examining non-work related trip 
purposes. Moreover, several other TDM measures could also be exam-
ined alongside MaaS, in addition to parking pricing. For instance, 
prioritizing parking spots for car-sharers in specific areas where car 
demand is very high could be a measure to reduce private car trips. 
Furthermore, future research could examine the mobility management 
strategies of employers. First, they usually (partially) reimburse the 
costs of work-related trips. Second, most of them have their own parking 
spaces that employees use free of charge. Our study and other past works 
indicate that increased parking prices or reduced access to free work-
place parking are among the most effective ways of reducing car 
commuting trips. Therefore, employers can take initiatives by intro-
ducing new policies concerning their employees’ mobility, e.g., shifting 
from lease car to car sharing or limiting parking spots. Further research 
on the cooperation of MaaS providers, public authorities, and employers 
could shed light on the ability to boost the TDM potential of MaaS by 
introducing different stick and carrot measures simultaneously. 
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