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1
Introduction

1.1. COVID-19 and travel behaviour
The new coronavirus SARS-CoV-2 (from now: COVID-19) is an ongoing global pandemic that is considered
one of the worst post-World War II pandemics that affects the world, surpassing both MERS and SARS out-
breaks (Matiza, 2020). Based on rising infection rates in China and then to over the world, the WHO Emer-
gency Committee declared a global health emergency on January 30, 2020 (Velavan and Meyer, 2020). Coun-
tries have taken several measures to reduce the number of infections; some of these measures were restric-
tions from entering other countries, the closing of restaurants/bars and measures during the trip (like a face
mask or negative test). Because of these measures, COVID-19 has a huge impact on travel behaviour (De Vos,
2020). One of the elements of travel behaviour is mode choice. It is determined by a lot of factors that are
often interrelated to each other to a smaller or larger extent (De Witte et al., 2013). Often it is the result of a
compound choice process that unconsciously or consciously influences daily life and includes objective and
subjective determinants (Buehler, 2011). Quite some research is done on the effects of mode choice, mainly
focusing on daily (short-distance) travel behaviour (Buehler, 2011; Atasoy et al., 2013; De Witte et al., 2013).
However, long-distance travel behaviour is often excluded from the analysis. At the same time, over 50% of
the passenger-kilometers travelled come from long-distance travel (Aamaas et al., 2013). Several studies re-
searched the main drive for passengers to choose a certain mode for long-distance travel in Europe. The main
finding of these studies was that travel time seems to be the most important factor (van Goeverden, 2009).
Furthermore, several variables seem to be important in the decision between modes: travel cost, comfort,
reliability, access & egress time and number of interchanges (Román et al., 2010).

As COVID-19 dramatically changed travel behaviour, mode choice is potentially be influenced as well. Sev-
eral papers researched the effects of COVID-19 infection on mode choice, but the focus was on short-distance
travel. Abdullah et al. (2020) found that people tend to use less public transport (hereafter: PT) services and
more private cars during the pandemic. There was a shift found to active modes as well. Moreover, saniti-
sation measures and social distancing characterise the perception of safety and, therefore, the willingness to
use PT services (Aaditya and Rahul, 2021). According to de Haas et al. (2020) in the Netherlands, during the
first wave, around 80% of the people reduced their activities, with an increase from 6% of the people working
at home to 39%. For public transport, there was a drop in usage of 90%. Shamshiripour et al. (2020) noticed
the following pattern in Chicago: people tend to shift more to individual and active modes of travel (e.g.,
walking or cycling) or not travelling at all. According to Wen et al. (2005), other viruses outbreaks like SARS
and MERS in Asia showed that people reduced the amount of travel due to internal risk (perceived risk by
travelling) and external risk (ban of travelling, orders to stay at home). Another possible reason for the reduc-
tion of travel by PT is that people believe that PT is an unhygienic place, with a high probability of infections
with viruses (Troko et al., 2011).

At this stage, most of the COVID-19 measures are gone in the Netherlands. Partly this is a consequence of
omicron-variant of the COVID-19 virus (Chen, 2022). This variant results in lower hospitalisation rates. The
Dutch society accepted to ’live’ with COVID-19 because COVID-19 will not fully be gone. Therefore, several
scenarios can be possible, for example, that a new variant increases hospitalisation, and therefore again, mea-

1



1.2. Research questions 1. Introduction

sures are taken by the government. Or the situation remains the same with COVID-19 being a virus amongst
other viruses like influenza.

By definition, a lot of different people are transported at the same time in PT systems; therefore, the virus
can relatively easy be transmitted among travellers. To illustrate this, Krishnakumari and Cats (2020) found
that, on average, a person interacts with 1200 other people on a single trip in the metro system network of
Washington D.C. Now, it seems evident that measures were taken in order to reduce the number of infec-
tions and mitigate the public health crisis. As a consequence, PT usage was dramatically reduced. Because
of the risk of infection of COVID-19 in PT systems, people might prefer private modes. However, all of the
papers mentioned were focusing on daily travel behaviour. The risk effects of COVID-19 on mode choice for
long-distance travel are very little researched. Therefore this research investigates if and how risk effects of
COVID-19 affect mode choice for long-distance travel.

To study the effects of COVID-19 on mode choice, a new variable is introduced: perceived risk. Perceived risk
is the risk people perceive during their trip regarding the probability of getting infected with COVID-19. It
is often defined as the perceived likelihood of getting the disease times the perceived severity of the symp-
toms (Karlsson et al., 2021). For this study, however, perceived risk consists on mode-related and destination-
related attributes. Perceived risk due to COVID-19 is complicated to measure, with several elements/attributes
that could contribute to this perceived risk. These attributes possibly weigh different for each individual.
Therefore, perceived risk is a complex variable, its score is determined by other variables (Molin, 2020). Per-
ceived risk does also have an emotional dimension like worry and fear (Loewenstein et al., 2001). When
looking at different aspects of perceived risk, people who perceive COVID-19 as a greater risk tend to en-
gage better in efforts that are preventive, such as social distancing and hand-washing. Potentially, people
change their travel behaviour (and thus mode choice) due to these factors as well as other factors of their trip.
The outcome of this study could be beneficial in transport planning and policy-making during health crises.
Providers of PT services (like airlines or rail operators) can use the information the optimise their services and
operations.

1.2. Research questions
Altogether this leads to the following main research question:

To what extent does risk perception of infection with COVID-19 influence mode choice for long-distance
trips in Europe?

The following sub-questions are stated in order to answer the main research question:

1. How do the different risk factors influence the perceived risk variable?

2. How do socio-demographic variables influence the perceived risk variable within the rating experi-
ment?

3. How do socio-demographic and travel behaviour variables influence travel cost, travel time, travel com-
fort and perceived risk in the main choice experiment?

4. How are travel time, travel cost and travel comfort traded off against people’s perception of COVID-19
risk?

1.3. Scope
Mode choice for long-distance travel in Europe can be very broad. To ensure the research is doable, the topic
is scoped.

Modes that are included
It is important to consider which modes are included in this research. Only conventional high-speed train is
taken into account for train options. Aeroplane is taken into account as well, as this is still the most popular
mode for distances greater than 400 km (Álvarez, 2010; Reichert and Holz-Rau, 2015). The car is also a popular
choice for long-distance travel (Reichert and Holz-Rau, 2015). Therefore this mode is included as well. Long-
distance bus services have increased during the past years. However, bus only counts for approximately 2.5%
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1.4. Relevance of research 1. Introduction

of market share (Blayac and Bougette, 2017). Due to this low percentage, bus is not taken into account.
Moreover, for the sake of simplicity of this research, night trains are not included in the research.

Definition long-distance & distance classes
From literature, it becomes not clear what the definition of ’long-distance’ is. Some papers state a distance
of at least 160 kilometer (Georggi and Pendyala, 2000), but others do state a distance of at least 240 kilome-
ter (Dargay and Clark, 2012). Furthermore, Miller (2019) recommends excluding daily or weekly travel from
long-distance, as this is routine travel, even though it covers the distance for the long-distance definition.
According to Givoni (2006), it becomes clear that the maximum distance for travelling by train is approxi-
mately 1000 km. The maximum distance for this research is around 1200 kilometres. At this distance, still, all
three modes can be competitive alternatives. As an example, the Amsterdam - Barcelona route is around 1200
kilometres. Besides, a certain minimum distance has to be taken into account as well for certain distances.
This is since for short distances aeroplane is not an option. The minimum distance is 400 kilometres. This
is, for example, the Amsterdam - London and Amsterdam - Paris routes. On these routes, train and plane
are heavily competing with each other (Román et al., 2010). Car is a viable and often chosen option as well.
In order to approach certain distances, two distance classes is introduced; the 400 - 600 kilometre class and
the 800 - 1200 kilometre class. It is chosen to not overlap the classes so that each distance class has different
characteristics, and therefore the widest range of possible values is taken into account.

Travel purpose & time span
The research is held in the Netherlands, and therefore the decision-makers are mostly Dutch. The most com-
mon types of travellers are leisure, business and ’Visiting Friends or Relatives’ (from now: VFR) travellers.
Within these categories, there are still a lot of different travel purposes. An important factor that influences
mode choice is luggage (Cascetta et al., 2011). Luggage is an important factor that significantly differs for
different travel purposes. To test the ’perceived risk’ variable, the effects of luggage is excluded.

1.4. Relevance of research
In this section, the societal, scientific and company relevance of this research is discussed.

Societal relevance
Most research does focus on daily travel behaviour, not on long-distance travel behaviour. Beginning more
than 2.5 years ago, COVID-19 dramatically changed society. Due to several restrictions, travel behaviour sig-
nificantly changed (de Haas et al., 2020). Little research has been done on COVID-19 effects on long-distance
travel. Again, research that has been done is mainly focusing on daily travel behaviour, not on long-distance
travel behaviour. Thus, this research can give insights into the effects of COVID-19 on long-distance travel
behaviour. These insights can be used for society so that effective measures can be taken for the future.

Scientific relevance
Little research is done on the effects of COVID-19 on long-distance travel behaviour (see chapter 2). Papers
that were found focused on daily travel behaviour. Besides, in general, research on mode choice is (almost)
always based on daily travel behaviour. A lot of research is done on the ’shorter’ daily trips (Buehler, 2011;
Atasoy et al., 2013; De Witte et al., 2013). Several papers investigated COVID-19 effects on mode choice as
well, these papers all focus on daily travel behaviour (de Haas et al., 2020; Aaditya and Rahul, 2021; Shaer
and Haghshenas, 2021). To get insight into the knowledge of the effects of COVID-19 on the mode choice
of long-distance travel, this research is done. Moreover, this research also gives insight on general mode
choice for long-distance travel, alongside time valuation, individual characteristics, travel characteristics and
interactions with background & socio-demographic variables.

Company relevance
This research is carried out as a graduate internship at Royal HaskoningDHV. The mission statement of Royal
HaskoningDHV is ’Enhancing Society Together’. They want to achieve this through their innovations, partner-
ships and expertise. They combine their knowledge and skills with the strengths of their clients to co-create
solutions that improve the lives of people all around the world (HaskoningDHV, n.d.).
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1.5. Thesis outline 1. Introduction

Royal HaskoningDHV (from now: RHDHV) is one of the market leaders within the mobility field. An impor-
tant aspect within their mobility field is sustainable mobility. They identified several steps to get to the point
where train travel is a good alternative for short-haul flights. Little research has been done on the effects
of COVID-19 and also the other main variables (such as travel time and travel cost) for long-distance travel.
This research suits this field, as the focus of this thesis is to get insight into trade-offs on mode choice for
long-distance travel within Europe. As there is little knowledge on mode choice for long-distance travel, this
research gives insight into RHDHV and which trade-offs are made. This can be used for other rail-related
projects.

Moreover, RHDHV is in the Train2EU initiative. This is a non-profit organisation which was formed together
with 9292 (Dutch PT app), ’Jonge Veranderaars’ (a platform for young professionals in public transport) and
Natuur & Milieu. This initiative wants to improve and stimulate the usage of international trains. This thesis
can help to achieve this goal as it gives insight into mode choice for long-distance travel.

1.5. Thesis outline
The thesis has the following structure. Chapter 2 discusses relevant literature on COVID-19 travel behaviour
impact, the concept of perceived risk and mode choice for long-distance travel. Chapter 3 discusses the used
method in a theoretical way. Then in chapter 4, the theoretical framework and survey design are discussed.
In chapter 5, the sample is analysed. In chapter 6, the results of the perceived risk rating experiment and
the main (mode) choice experiment are discussed. In chapter 7, these results are applied to three cases. In
chapter 8, the conclusion to the research question is taken. At last, in chapter 9, the discussion and recom-
mendations are discussed.
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2
Literature

This chapter discusses relevant literature for this research. Section 2.1 is about COVID-19 travel behaviour
impacts, section 2.2 about the impact of other virus outbreaks on travel behaviour, section 2.3 explains the
concept of perceived risk, section 2.4 discusses perceived risk caused by COVID-19, section 2.5 elaborates on
the relationship between risk and travel behaviour and at last, in section 2.6 literature on mode choice for
long-distance travel is discussed.

2.1. COVID-19 travel behaviour impacts
The COVID-19 pandemic has had a huge impact on travel behaviour. Countries have taken several mea-
sures to prevent the spread of the virus, such as stimulating working from home, closing schools, closing
bars/restaurants and prohibiting events (De Vos, 2020). People avoid travelling by public transport as people
might believe that avoiding contact with other passengers might be difficult. Hu et al. (2020) quantified the
transmission risk of COVID-19 on-board trains in China. The average attack rate was between 0 tot 10.3%. At
the same time, people could believe that public transport is an unhygienic place full of viruses (Troko et al.,
2011). People might travel more by car as this protects them from getting the virus. Therefore public transport
operators should focus on improving a safer way of travelling when social distancing is needed. According to
De Vos (2020), public transport operators should not reduce their services, even though they depend heavily
on the revenue of fares. Governments could support the public transport operators. This study gives implica-
tions of social distancing on daily travel patterns; however, it is not based on quantitative research. The study
also provided some suggestions for policymakers.

Shamshiripour et al. (2020) did a Stated-Preference survey on travel behaviour and implemented this in the
Chicago metropolitan region. The data obtained demonstrate major shifts in several elements of people’s
travel habits. The main finding was that people shift towards more individual and active (e.g., walking or
cycling) modes of transport. Another finding was that working from home seems to work and could also be
implemented for near future policy goals towards sustainability. Moreover, people tend to shift from the aero-
plane as a mode for leisure or business trips to private modes (especially car). This research did a compre-
hensive study, but its focus is on Chicago. Europe and the U.S. are quite different in terms of travel behaviour,
especially on the long distances, with fewer mode choice possibilities in the U.S (Aditjandra et al., 2009)

De Haas et al. (2020) did a study in the Netherlands on how the ’intelligent lockdown’ changed the travel
behaviour of people. Around 80% of the respondents reduced activities, 27% expect to work more from home
after COVID-19. The share of home-workers increased from 6% to 39%. The number of trips dropped by 55%
and the distance travelled by 68%. In particular, public transport services are highly affected, with a 90% drop
in usage. This study also confirms the increase in usage of active modes and also that people expect to fly
less in the future. This article shows results from a big sample (N=2500), but this article does not focus on
long-distance travel. It mainly focuses on daily travel behaviour.

The paper written by van Wee and Witlox (2021) discusses the possible long-term effects of COVID-19 on
travel behaviour. This paper makes use of concepts and theories, sociology, psychology and geography. Last-
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ing effects can be expected; therefore, peak effects for car and public transport can be expected. Lamb et al.,
(2020) noticed that the decision to fly among different users depends on perceived risk of COVID-19, affect,
fear and agreeableness. This research looked into the willingness to fly given the COVID-19 with a regression
model with a total sample of 632 participants. (Van Der Drift et al.) 2021, did also do a study in the Nether-
lands and noticed the same as de Haas et al., (2020): cycling showed to be an alternative option for travellers,
and PT usage decreased dramatically. Van Der Drift et al., (2012) showed that by high impacts, such as 9/11
and the oil crisis, the long-lasting effects were relatively minor.

2.2. Impact of other virus outbreaks on travel behaviour
Wen et al. (2005) analysed the impacts of SARS on leisure travel in the China domestic market. The authors of
this paper found that the outbreak of SARS had reduced the travel associated with different motivations. Both
internal (perceived risk by travelling) and external risk (ban of travelling, orders to stay at home) reduced the
amount of travel. However, this study did not explore what the effects were post-outbreak.

When focussing on the airline industry, a study from Fenichel et al. (2013) researched travel patterns of air
travel by analysing 1.7 million flights records. This was done to study the behavioural response to the in-
fluenza pandemic back in 2009. It was estimated that 0.34% of missed flights were because of the pandemic.
However, this pandemic was not so widespread as COVID-19. Therefore, it is hard to make conclusions about
the effect of COVID-19. Another study by Liu et al. (2011) looked at the effects of SARS on international air
travel. For this case, international air travel between China, Hong Kong & Taiwan and the U.S. was exam-
ined. This study found that the level of risk by aircraft was perceived differently in every country. However,
in all countries, the number of trips made by aircraft reduced. Sobieralski (2020) did a study among several
industries and economic variables of the COVID-19 pandemic, with capacity reductions of airlines. It was
estimated that around 7% job loss could be expected, with a maximum of 13%. The COVID-19 (but also the
SARS outbreak) show that airlines are highly vulnerable. Effects of COVID-19 will probably last for about four
years. Focusing on public transport trips, a study done by Kim et al. (2017) analysed PT card data before and
after the outbreak of MERS in South Korea. People that live in areas with higher income tend to stay more at
home than people in other areas. The fear of exposure to the virus resulted in changes in the travel pattern.
People with higher income are mostly less reliable on PT than people with lower income.

2.3. Perceived risk
However, not all people will comparably change habits due to COVID-19. Socio-demographic, attitudinal
and psychological factors will possibly influence these habits. Risk is a widely studied topic. It is measured
by multiplying probability with impact, which is shown in the following equation:

Ri sk = pr obabi l i t y × i mpact (2.1)

This equation is an objective definition of risk. Risk can be defined as as the subjective evaluation of the risk
of a dangerous situation and the severity of the situation (Moen et al., 2004; Moreira, 2008). Based on the
evaluation of the situation, risk perception will consequently change an individual’s behaviour (Weinstein,
1988). Risk also includes a personal (individual) element. The difference between the objective value of
risk and the perceived (personal) one is known as the ’perception gap’ (Faganel, 2010). Partly this can be
attributed to the awareness of a person. Awareness is multidimensional and opaque. Several studies defined
the term ’perceived risk’. Bauer (1960) was one of the first to measure perceived risk. After this, several studies
tried to define the concept of perceived risk. Peter and Ryan (1976) mentioned that the difference among
individuals in the perception of risk could be explained by the difference in the judgement of risk and the
amount of negativity combined with this. This is similar to the equation above; however, it differs from the
fact that the impact and probability are assessed by the individual instead of as aggregated terms beforehand.
Yates and Stone (1992) conceptualised perceived risk as a mismatch that is multidimensional between the
required and obtained outcome of a product or service. Also, importance was added to the calculation.
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2.4. Perceived risk caused by COVID-19
Perceived risk does have an emotional dimension like worry and fear (Loewenstein et al., 2001). Perception
of risk is thus a form of risk assessment. This is very convenient, as the axiom about expected utility theory
in choice experiments uses this as well. Socio-demographic variables partly explain the difference in impact
judgement and likelihood judgement. When focussing on COVID-19, the difference in impact judgement can
be stated as the severity of COVID-19 on the individual (this means the impact of a COVID-19 infection). The
impact of a COVID-19 infection is mostly caused by underlying health condition and age (Dong et al., 2020).
Therefore it is expected that younger people have a lower impact on judgement than older people.

Moreover, several papers studied perceived risk of COVID-19 due to personal (individual) characteristics.
These characteristics are based on both affective and cognitive risk assessment. Gerhold (2020) studied the
risk perception of COVID-19 among German citizens. The data was gathered in March 2020. Risk perception
was operationalised on a scale with affective (how serious is the person taking the pandemic) and cognitive
(the perceived likelihood of contradiction with the virus) dimensions. Furthermore, the affective dimension
also includes the level of worry. Gerhold (2020) measured the effects of several qualitative dimensions for per-
ceived risk due to COVID-19. These dimensions were based on the psychometric paradigm of Slovic (1992).
The elements of risk perception were covered in a survey with a Likert scale. Surprisingly, it was found that
elderly people perceive the risk of getting infected to be lower than younger people, while at the same time,
the consequences of infections are higher for elderly people (Dong et al., 2020). Another interesting obser-
vation was that people generally are more worried about other people (like friends and family) than about
themselves. A lot of people were worried about the pandemic and the virus, but the fear of infection was
relatively low. This might indicate that people accept the risk and, therefore, will not change their behaviour.

Dryhurst et al. (2020) studied risk perception of COVID-19 of persons from all over the world. The survey
was held in March and April 2020, just when the pandemic started. The survey measured the risk percep-
tion by introducing a risk perception index to study the differences in these perceptions between countries.
With psychological and demographic predictors, which were largely based on a study done by one of the
authors (Dong et al., 2020). This research was based on risk perception regarding climate change. Of the
socio-demographic variables, only gender turned out to be significant. Men did, in general, have a lower risk
perception than women. Another study was done by Glöckner et al. (2020) in Germany, which also showed
that people who perceived their likelihood of getting infected by COVID-19 as higher did take more measures
to prevent infections, like staying at home and the usage of face-mask. The studies above showed that per-
ceived risk of getting COVID-19 has a lot of impact on precautions that people take to prevent it. However,
no connection has been made to travel behaviour. Potentially, people will change their mode choice due to
factors of their trip (such as spacing and measures that are taken during the trip).

Brown et al. (2020) performed a study about health-related risk and experiences, which was held in the United
Kingdom during the most strict measures. They found, in line with Dryhurst et al. (2020), that women per-
ceive risk of COVID-19 higher than men. Moreover, a relation was found between education level and percep-
tion of risk. Lower educated people had a higher perceived risk for COVID-19 than higher educated people.
Furthermore, Ahorsu et al. (2020) and Taylor et al. (2020) both developed a multidimensional scale for worry,
fear and anxiety for COVID-19, with Taylor et al. (2020) having an additional scale for stress. Media usage
and fear for COVID-19 turned out to be significant in a study done by Mertens et al. (2020). When looking at
different aspects of ’perceived risk’, people who perceive COVID-19 as a greater risk tend to engage better in
efforts that are preventive, such as social distancing and hand-washing (Karlsson et al., 2021).

2.5. Risk and travel behaviour
Perceived risk of travelling is highly related to the intention of an individual to change the travel plan, for
example travel to a certain destination or avoiding a destination (Reisinger and Mavondo, 2005; Pennington-
Gray et al., 2011; Schroeder et al., 2013). Moreover, self-efficacy is something that is becoming relevant when
an individual perceives risk as severe or likely and therefore will avoid the risk by avoiding/changing the des-
tination or cancelling the trip (Rogers, 1975; Schroeder et al., 2013). So perceived risk will not only influence
the decision for destination choice, but also to travel or not (Floyd et al., 2000; Reisinger and Mavondo, 2005;
Rittichainuwat and Chakraborty, 2009). Furthermore, media is also an important factor for the relationship
between risk perception and intention to travel (Neuburger and Egger, 2021). Travelers are likely to change
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travel plans when a certain destination is linked with negative events or a higher risk of incidents. This is
done in order to avoid a perceived ’unsafe’ destination and therefore travelers will seek for a safer alternative
(Sönmez and Graefe, 1998). Travelers are likely to avoid destinations with a higher safety risk, such as natural
disasters, terrorist attacks or a pandemic (Pizam and Fleischer, 2002; Rittichainuwat and Chakraborty, 2009).

2.6. Mode choice on long-distance travel
Van Goeverden (2009) did a study to explain factors for train use for European long-distance travel (with a
focus on leisure travel). The study found several significant background variables, such as the size of the
destination city, car ownership, home country and the number of participants in the journey. Significant
quality variables were travel cost and travel time (for both train and car) and the number of interchanges.
The frequency of the service did not turn out to be significant. The study showed that leisure travellers do not
significantly differ from other long-distance travellers. This is because leisure travellers count for a high per-
centage of all travellers. The knowledge of background variables can be used for estimating future demand
for train travel. As car ownership is growing, it could be expected that this has a negative influence on the
market share for trains. The rising necessity for transfers, the increased obligation to make seat reservations,
and the complexities of fare schemes are all negative aspects. If policymakers try to reduce this, market share
could be increased. This study is comprehensive, showing what factors influence the usage of trains on long-
distance European destinations. However, the study is already quite outdated (2009). Therefore, the results
will not be representative for now as several variables have potentially changed. At the same time, they not
studied what the potential effects are of a pandemic such as COVID-19.

Román et al. (2010) analysed the competition on the high-speed rail (HSR) Barcelona-Madrid route. The
model specification was based on travel time, access and egress time, reliability, headway & comfort. By us-
ing these attributes, they explained the changes in demand for HSR. The study obtained different measures of
willingness to pay (WtP) for improved service quality. Most of the time, the WTP is higher for mandatory trips
than leisure trips. Moreover, the WTP is higher when the level of comfort is lower. There is also a high WtP for
a reduction in delay. They also found that comfort attributes change the perception of time. On the shorter
distances, demand is more sensitive to travel time than to access&egress time or price. Policies penalising the
alternatives of the car are most effective. Demand for HSR is not sensitive to price and mostly headway. When
aeroplanes compete with trains, demand is sensitive to airfares and access&egress time. Combining increas-
ing travel cost of car with decreasing travel time for HSR obtained substantial gains for the train. Most of
the market share increase for train is obtained from cars and bus travellers, not from aeroplane. The study is
very comprehensive and discusses what factors influence the demand for HSR. At the same time, they stated
several policy solutions. They concluded with the fact that due to high costs and low return on rate levels,
HSR is not always profitable. At the same time, they note that other elements such as regional development
and welfare also have a positive impact.

Dobruszkes et al. (2014) also found that air services are affected by HSR; more air services are offered if the
travel time of HSR is longer than by aeroplane. The same picture can be taken for the number of seats offered,
and the number of flights offered. Airlines do not apply frequency-based strategies to compete better with
HSR. Moreover, they found the same effect as Román et al. (2010): HSR frequency has a very weak impact on
air services. Another study done by Clewlow et al. (2014) does also confirm the effect of rail travel times on
air traffic in Europe; reduction in travel times of train reduces short-haul traffic in Europe. At the same time,
HSR does also reduce the amount of domestic air traffic in European countries. They found something in-
teresting; when population density increases, short-haul air traffic declines when there is a good rail option.
So rail may be more competitive in more densely populated areas. However, as low-cost carriers have been
introduced to Europe, passenger kilometres travelled by aircraft have only increased.

In a study done by Behrens and Pels (2012), the inter-modal competition on the London-Paris route between
HSR and air transport was studied. In contradiction with the studies above, they found that the frequency of
HSR is one of the main factors of travel behaviour. The studies above concluded that frequency did not have a
high impact on demand for HSR, but this study concludes that the frequency of HSR is an important variable
for demand. However, they conclude that travel time and distance are the main factors of travel behaviour
as well. Furthermore, they found that business and leisure travellers behave differently; leisure travellers are
more heterogeneous for average fares in comparison with business passengers. Thus, inter-modal compe-
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tition between train and aeroplane depends largely on trip purpose. It turns out that for the London-Paris
route, the HSR is a viable option. They even suggested that HSR can be viable with larger differences in travel
times due to larger distances of city pairs or lower average speed. Also, having multiple airline options is not a
barrier to introducing HSR. At last, they concluded that HSR competes with both main and low-cost carriers.
Airlines have difficulties in markets where HSR is dominant, like on the London-Paris route. This suggests
that HSR can be a strong mode alternative. Another study done in Spain by Jiménez and Betancor (2012)
concluded that the entry of HSR in Spain reduced air operations by around 17%. The total demand for HSR
increased between 8% and 35%, depending on the route. The highest increase was found on the Barcelona-
Madrid route. However, they did not identify which share was switching from the other modes and which
share was newly generated (e.g. induced demand).

Givoni and Dobruszkes (2013) did an extensive ex-post review from several studies of mode substitution and
induced demand when HSR is introduced. This study again confirmed that the main factor that explains HSR
demand is travel time (and, therefore, average speed). On the HSR Rome-Naples, route travel time was the
main factor in choosing HSR. Other factors that were found (in order from most important to least impor-
tant): comfort, novelty, frequency and fare. For travellers that stick to flying, their main reason was comfort,
and also onward connections to other destinations were important. For the car, travel time and comfort were
most important. Furthermore travel time to stations as well as the number of transfers required is also im-
portant. In Korea, a lot of people do not use the HSR because stations are not easily reachable, and also, the
price is an important factor not to use HSR. In Taiwan, stations are often away from city centres. Respon-
dents said that this was one of the main factors in not choosing HSR. Estimates of the value of time show
that savings of one minute access&egress time are the same as a two minute saving for in-vehicle time. Often
it is seen that travel time is the starting point of research with only a few other factors discussed. This can
lead to the effect that travel time masks other effects that are not examined. Usually, information on fares is
not available and thus not included in the research. Low-cost airlines are also mentioned. Low-cost carriers
might also increase the substitution of rail to air. In Germany, it was found that the entry of low-cost carriers
into the German domestic market led to a decrease in demand for rail. The longer the route, the stronger the
effect was of decrease in rail. This could be expected as Dobruszkes et al. (2014) confirmed this picture as
well. However, when looking at the Paris-London route, HSR travellers are less sensitive to fare, frequencies
and total travel time than airline passengers. The difference with Germany could be partly explained by the
fact that in Germany for a lot of OD-pairs travel time is more than three hours, while the Paris-London route
is less than three hours. Therefore, for airlines on the Paris-London route, it is hard to compete this travel
time.

Cascetta et al. (2011) showed that the cross-price elasticity of demand did have a low potential for modal shift
from car to rail concerning travel cost and travel time. Car does still offer the most flexibility concerning the
schedule of a traveller and also route choice. Luggage is another factor in choosing car over HSR, especially
with heavy luggage. However, travel time variability (due to congestion) is a factor why people choose HSR
over car, as well as the fact that travel time can be used effectively (e.g., working on the train). At last ’attitudes’
of travellers might play an important role. People with a ’green attitude’ might be more willing to use HSR;
this attitude was also found in the study of Molin et al. (2016).

Another study done by Moeckel et al. (2015) introduced a new nested multinomial model for mode choice
sensitive to distance, travel cost, service frequency, transit station availability, number of transfers & parking
cost. This was done for car driving alone and sharing rides for 2-4 people. On the transit side, the following
choices were available: rail, bus & air. The study was based on travel in North Carolina (U.S.), so mode choice
alternatives are mostly different than for Europe. Europe has a more frequent and reliable train network.
The study showed that for short distances, car is dominant. The greater the distance, the more dominant
the aeroplane becomes. For distances to approximately 550 kilometres car has a share of over 80%. From
then on, aeroplane becomes almost dominant. Train only has a 2% share and bus only a 5% share for to a
maximum of 450 kilometres. As can be seen in this study, car is very dominant as could be expected from the
U.S. Therefore, this cannot represent travel behaviour mode choice in Europe.
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3
Methodology

This chapter discusses the methodology that is used to provide an answer to the main research question and
sub-questions. For this research, a rating experiment and a Stated-Preference experiment is conducted. A
survey is held with a representative sample within the Netherlands. By using this methodology, mode choice
between train, plane and car in Europe is examined. Section 3.1 discusses the data collection by using a
Stated-Preference survey. Section 3.2 discusses the (modified) Hierarchical Information Integration (HII) ap-
proach that is done by using a perceived risk rating experiment. Section 3.3 discusses the main (mode) choice
experiment. Section 3.4 discusses the theory used to predict the modal split. A summary can be found in sec-
tion 3.5.

3.1. Data collection by using a Stated-Preference survey
To collect data, a survey has to be conducted to research the effect of COVID-19 on mode choice between
train, plane and car in Europe. There are two general ways of collecting data: Stated-Preference (SP) data or
Revealed-Preference (RP) data. A study done by Wardman (1988) compered SP and RP. Both methods have
drawbacks and advantages. For RP, only existing alternatives can be taken into account; no new alternatives
can be tested. In the case of this project, RP could be partly used to compare the market shares before and
during COVID-19. As there is the wish to investigate the risk effects of contradicting COVID-19, additional
data is needed, which cannot be obtained with existing RP data. Therefore an SP research is conducted. SP
has an additional benefit in that it has total control within the experiment. This includes, alternatives, at-
tributes of the alternatives and values for alternatives (Molin, 2020). At the same time, as the design of the
survey/choice experiment can be controlled, correlations can stay low between different attributes. This en-
sures more valid results. However, there are also drawbacks to Stated-Preference. It is sometimes hard to
create sufficient variation in choice situation to ensure that utility functions can be estimated, making the
parameters unreliable (Molin, 2020). Parameters are reliable if they have small standard errors. This can
be done by choosing a proper experimental design; therefore this research uses both an orthogonal or D-
efficient design (Molin, 2020). If the parameters are reliable, they resemble the true parameters and therefore
resemble the ’real world’. Another disadvantage of SP is hypothetical bias, which is defined as the disparity
between stated and observed behavior. (Brownstone and Small, 2005). This study showed that there were
significant differences between willingness to pay values that were derived from SP and RP studies.

Ben-Akiva et al. (2019) and Molin (2020) presented a lot of elements that require attention when a SP ex-
periment is conducted. This must be done in order to get valid results on the assessment of the change in
modal split due to the new variable perceived risk. Four elements that are important when conducting an SP
choice experiment are mentioned and discussed in how they are used in this research. Recruitment, sampling
and background are important regarding the sample. This research uses a representative sample. In order to
get 95% significance for a population of >100.000, 400 respondents in the sample are needed (SurveyMon-
key, 2021). A minimum goal of 400 respondents is therefore used for the survey. Responses are collected by
sharing the survey on social media with family and friends and by recruiting people at (train) stations & Am-
sterdam Schiphol Airport. In collaboration with NS, the survey is with their panel; this ensures a lot of extra
respondents. In order to test whether the sample is representative, socio-demographic variables are com-

10



3.2. Rating experiment of ’perceived COVID-19 risk’ 3. Methodology

pared to data from the Statistics Netherlands (CBS). Familiarity and attribute formatting are important as
well; respondents must be familiarised with the subject being examined. Furthermore, experimental design
is important; this means that the survey must be precisely constructed regarding the number of alternatives,
attributes and attribute levels. As explained above, this is done by using either an orthogonal or D-efficient
design. Calibration & testing is recommended for the results. This is done by comparing the SP experiment
with RP. This is limited as the effects of COVID-19 can almost not be compared to other outbreaks/pandemics.

3.2. Rating experiment of ’perceived COVID-19 risk’
Perceived risk due to COVID-19 is complicated to measure, with several elements/attributes that could con-
tribute to this perceived risk. These attributes possibly weigh different for each individual. Therefore, per-
ceived risk is a complex variable, its score is determined by other variables (Molin, 2020). For this research
both internal (psychological), route, mode specific and socio-demographic attributes probably influence the
perceived risk (Molin, 2020). Therefore, the first step is to find these attributes in literature. After these at-
tributes are determined, the ’rating’ experiment is done to measure how the attributes influence the score
on the complex variable perceived risk. Perceived risk (in rating points) is the dependent variable, and the
attributes the independent variables. With this experiment, the perceived risk of travellers can be predicted
(Molin, 2020) when using a certain mode for a certain OD-pair. A regression model is used to analyse the
rating experiment. This research uses the Hierarchical Information Integration (HII) theory, which was de-
veloped by Louviere (1984). This theory is used when decision-makers are confronted with many attributes.
Decision-makers categorise these attributes into ’decision constructs’. Decision-makers (respondents) trade-
off attributes that belong to such a ’decision-construct’ in the first (sub) experiment, the ’rating’ experiment.
Then in the ’bridging’ experiment, decision-makers make a trade-off between the construct evaluations that
are done in the ’rating’ experiment (Molin, 2020). This research used an altered version of the original HII
experiment, with just one ’decision construct,’ to determine the perceived risk. Estimating the ’rating’ model
allows for predicting the perceived risk. Then in the main choice experiment, the perceived risk attribute
is shown among the other attributes that are defined. This is not a true ’bridging’ experiment as in a con-
ventional ’bridging’ experiment more sub experiments for the decision constructs are used; in this research;
however, only one. Molin and van Gelder, (2008) showed that this approach is successful.

3.3. Main (mode) choice experiment
After the perceived risk is retrieved from the ’rating’ experiment, the main choice experiment is done. In
this case, the perceived risk variable is an attribute among the other main attributes regarding mode choice
between train, plane and car. The main attributes are reviewed from the literature and are then used in order
to construct the survey. Choice sets do consist of three parts: attributes, attribute levels and alternatives.
An orthogonal or D-efficient design for constructing choice sets is used. The orthogonal design minimises
the standard errors, and therefore makes the parameters more reliable (Molin, 2020). However, dominance of
choices within the choice set is possible. This can be avoided by using a D-efficient design. Furthermore, A D-
efficient design has the advantage of getting more reliable parameters with fewer respondents. The downside
of a D-efficient design is that prior values are necessary. Therefore, a pilot research could be needed. There
is the risk of wrong priors (and therefore biased parameters) as well. Both designs are evaluated, and the
best-suited design is chosen. Then the choice sets (based on either D-efficient or orthogonal design) are
presented to the respondents. In the survey, the respondents have to make trade-offs between attributes
when choosing between train, plane and car. When a sufficient number of respondents have responded
to the survey, the trade-offs between attributes are analysed. This is in line with the goal of the research,
to identify how perceived risk due to COVID-19 among the main attributes do influence the mode choice
between train, plane and car in Europe.

3.4. Predicting modal-split using the Discrete choice modelling theory
The data is gathered in the first two steps. With this choice data, trade-offs and preferences of the respondents
are deduced. Based on these trade-offs, future choices are predicted using the Discrete Choice Modelling
Theory. This theory is a theory to get insight in trade-offs that respondents make, introduced by McFadden
et al. (1973). Especially for trade-offs regarding travel behaviour, this theory is widely used. The theory does
presume that a respondents’ choice is captured by a specific ’utility,’ and that a respondent picks the option
with the greatest value for ’utility.’ Most of the time, utilities are negative, such as travel time and travel
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cost. This is since an increase in those attributes decreases the utility for a decision-maker. This concept is
mathematically formulated in the following equation:

Ui >U j , i 6= j ∈ Al ter nati ves (3.1)

Equation 3.1 indicates that the decision maker prefers alternative i over alternative j if the utility of i is larger,
but i and j cannot be equal. As there is never perfect information, an error term is added in the next equation:

Ui =Vi +εi ,∀i ∈ Al ter nati ves (3.2)

All options in the choice set are evaluated by the decision-maker. There is also a weight assigned to the par-
ticular decision maker. If all parameters are linear, the deterministic utility function is given by the following
equation:

Vi =
∑
m
βm ×xi m +εi (3.3)

Several kinds of discrete choice models may be used to estimate the market shares of various modes. The
most often utilised model is the Multinomial Logit Model (MNL). The following equation represents this
model:

P (i |C ) = eVi∑ j∈C
j=1 eV j

(3.4)

This equation does show the probability that decision maker chooses alternative i from the total choice set C.

However, the MNL model has some significant shortcomings. At first, it is assumed that the error term is
Type 1 extreme value distributed (Chorus, 2020). Secondly, the Irrelevant Alternative (IIA) property assump-
tion holds. This means that the relative popularity of alternatives does not depend on other ones. For this
research, this becomes a problem, as the rail options and aeroplanes share unobserved (transit) factors. The
third issue with the MNL model is that it ignores the heterogeneity in attribute weights of the respondents
(Chorus, 2020). The fourth issue with MNL is numerous choices made by a single decision-maker. The MNL
assumes independence from every decision, while in reality, those decisions that are made by the respon-
dents are not independent of each other, the so-called ’panel’ effect (Chorus, 2020).

3.5. Summary
Main points of chapter

• Data is collected by using a survey

• In order to measure ’perceived risk by COVID-19’, an adapted form of the HII approach is done. This is
done by using a rating experiment.

• The rating experiment is estimated with a regression model.

• The main choice experiment is conducted to get insight in trade off for mode choice.

• The data is analysed using the discrete choice modeling theory. The modal-split is estimated using an
MNL model.

The approach that is used is explained in detail in this chapter. The data for the Stated-Preference is obtained
by a survey. To guarantee that the data is usable from the perspective of an economist and to reduce the
potential bias, several elements that require attention have been highlighted. To integrate the perceived risk
rating experiment and mode choice experiment, this research employs a modified version of the Hierarchical
Information Integration (HII) theory. The dependent variable in the comfort rating experiment is perceived
risk. A regression analysis is used to estimate the rating experiment. Perceived risk is an independent variable
in the main mode choice experiment. The data is analysed using Discrete Choice Modelling. An MNL-model
is used.
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4
Theoretical framework & survey design

This chapter is about the theoretical framework that is used in the model. Also, the steps for survey design are
discussed. Travel behaviour consists of several elements, with mode choice as one of these factors. Therefore
in the first paragraph, this is discussed. Section 2 discusses different perspectives on travel behaviour. In
section 3, the perceived risk attributes are elaborated. In section 4, the same is done for the main choice
experiment. Section 5 discusses the included socio-demographic and travel behaviour attributes. In section
6, the theoretical framework of this research is shown. Section 7 elaborates on the steps that are used to
generate the choice sets. Section 8 discusses how the survey is constructed and implemented in the software.
The last section gives a summary.

4.1. Travel behaviour modelling
The influence risk effects of COVID-19 on mode choice for long-distance travel in Europe is part of a broader
context. Mode choice is one of the elements of travel behaviour. de Dios Ortúzar and Willumsen (2011)
created the 4-step model, which serves as the basis for modelling travel behaviour; this is shown in figure 4.1.

Figure 4.1: 4-step model (de Dios Ortúzar and Willumsen, 2011)

There are also more steps that decision-makers (individuals) might consider, such as period of day, the choice
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to travel (or not) and destination choice. This research will investigate if risk factors of infection with COVID-
19 will influence the choice of mode for European long-distance travel. Therefore, the focus will be only on
the modal-split step.

4.2. Perspectives of travel behaviour
There are several perspectives on travel behaviour, with the two most known being the ’econometric’ and
the ’marketing’ perspective (Anable, 2005; Arentze and Molin, 2013). The most often used perspective is
the econometric one. From this econometric perspective, it is assumed that travel behaviour is the result of
a decision-making process. It makes use of the Discrete Choice Modelling (DCM) theory, which describes
choice behaviour using mathematical formulas. The advantage of the econometric is thus that it is a very
powerful and intuitive tool for predicting demand. This method uses a mathematical model; therefore, vary-
ing attribute levels influence choices made, and thus the direction of the causality is clear. The theoretical
underpinning of the econometric perspective is plausible and consistent with welfare theory (Kroesen, 2020).
The maximisation of utility, which is the same as the reduction of dis-utility, is the theory that underpins this
paradigm. According to this theory, the respondent making a choice chooses the choice that provides the re-
spondent with the highest amount of utility. The model used is called the Random Utility Model (RUM). This
is not the only decision rule; another model is the Random Regret Minimisation (RRM) model. In this case, it
is assumed that the respondent minimises regret. In a study done by Chorus et al. (2013), it was shown that
the differences in performance could be very small. As the RUM model is more widely used, and in addition
to more knowledge and software, this model will be chosen.

4.3. Perceived risk attributes
In this section, the perceived risk determinants are discussed. The determinants/attributes are based mainly
on the papers of Dryhurst et al. (2020), Mertens et al. (2020), Tirachini and Cats, (2020) and Leppin and Aro
(2009) (who did an extensive research on perception of risk due to SARS). All attributes have four levels. In
order to research perceived risk of COVID-19, the rating experiment is done. One of the main interests of
this thesis is to analyse if and how perceived risk of COVID-19 infection has an influence on mode choice for
long-distance travel in Europe. The perceived risk experiment will only be done for travelling by plane and
train; no distinction between these modes is made.

4.3.1. Mode-related attributes
The first four factors are mode-related attributes. These factors presumably have an influence on perceived
risk during travel. Both plane and train have their characteristics, such as type of air conditioning, face mask
policy and cleaning policy.

Load factor
Load factor is one of the most crucial elements of perceived risk (Tirachini and Cats, 2020). This is since the
virus can be easily transmitted between people when it is crowded on board a vehicle. Transmission in the
air within a closed environment is studied by several papers (Morawska and Cao, 2020; Shen et al., 2020; Tang
et al., 2020), therefore an closed environment is more risky than an open environment (Tirachini and Cats,
2020). The Dutch government introduced a 1.5-meter distance rule between people to reduce the probability
of infecting each other (RIVM, 2020). Service providers all over the world reduced the number of passengers
allowed on board vehicles; sometimes also, the frequency was reduced. Services providers in the UK reduced
ridership by 30% in trains (Guardian, 2020). In order to reduce the transmission risk, 1, 1.5 or 2 meters is
needed (Jarvis et al., 2020). Several papers researched the necessary reduction in capacity to meet the social
distancing rules. Krishnakumari and Cats, (2020) stated that for the Washington D.C. metro system, 80% of
the capacity reduction is needed in order to maintain 1.5-meter social distancing and only 10% when imple-
menting a 2-meter distance rule. At the same time, (physical) distancing conflicts with the concept of public
transport as volume is needed to cover the cost (Musselwhite et al., 2020). Tirachini et al., (2013) concluded
that crowding could negatively affect passengers onboard a vehicle in several ways when the risk of infec-
tion is not included. This includes health and safety concerns, like stress. It was found that time valuation
is increased with higher load factors on-board vehicles (De Palma et al., 2017). COVID-19 makes crowding
onboard vehicles even more important than already was the case. Shelat et al., (2020) showed that when pas-
sengers are offered less crowded vehicles, willingness to board (train) vehicles is increased. For this attribute,
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it is expected that there will be a positive relationship between crowding and perceived risk. This is due to
two reasons. If passengers are more close to each other, there will be an increased risk of infecting each other.
The second reason is that crowding increases the probability of getting exposed to an infected (other) passen-
ger. Thus, an increase of both reasons will increase both perceived risk and risk of infection with COVID-19.
Occupation of seats is one of the most used methods to operationalise crowding onboard a vehicle (Li and
Hensher, 2011). Therefore this percentage of occupied seats will be used to operationalise onboard crowding.

Attribute levels: Onboard crowding is often specified as the percentage of seats occupied onboard the vehi-
cle/plane. The levels are: 25% of the seats occupied, 50% of the seats occupied, 75% of the seats occupied
and 100% of the seats occupied.

Face mask policy
The usage of face masks is one of the measures that has been in use (and is still in use) to reduce COVID-19
infections in areas where 1.5 meters is not always possible (Greenhalgh et al., 2020). There are several ar-
guments against the usage of face masks. Some of these arguments are limited evidence of efficiency, false
security as people do not comply with basic rules and misuse of the masks due to lack of information (Tira-
chini and Cats, 2020). First, the World Health Organization (WHO) did recommend only using face masks for
people with COVID-19 symptoms (WHO, 2020b). After this, the WHO advised wearing non-medical masks in
public transport and public places and medical masks for the more vulnerable groups (WHO, 2020a). Partly
the advice for non-medical masks was because, at the beginning of the pandemic, there was a shortage of
medical masks (Greenhalgh et al., 2020). Konda et al. (2020) found that when using different fabrics (silk, cot-
ton) and different layers combined could approach a similar level of protection to that of medical masks. Even
though there is doubt about the efficiency of face masks, more recent research does advise using face masks.
According to (Chu et al. (2020) and Eikenberry et al. (2020), face masks can reduce the particles of COVID-19
in exhaled breath significantly, in particular for people that have mild symptoms and/or are asymptomatic.
The effectiveness of the fabric masks is more than 80%-90% for certain combinations of fabric, so cotton,
chiffon, silk and flannel (Konda et al., 2020). In the New York and Washington states, 80% usage by people
of 50% effective masks, could prevent 17-45% of deaths by COVID-19 in these states (Eikenberry et al., 2020).
Even very low protective masks (with a 20% protection rate) can be useful. The greatest gain of face masks will
be in combination with other measures like social distancing (which is described above) (Eikenberry et al.,
2020). Wearing a face mask serves a dual preventive purpose: one protects one another from getting a viral
infection, and one protects itself from others (Abboah-Offei et al., 2021). The effectiveness of face masks will
presumably influence perceived risk. Perceived risk is subjective rather than the objective effectiveness of
face masks. Within the rating experiment, it is measured if and how face masks influence perceived risk. It is
expected that the mandatory usage of face masks will have negative relationships with perceived risk, as face
masks will decrease the probability of infecting each other.

Attribute levels: The attribute levels are a representation of the types of masks available. The four levels are:
no mask mandatory, any face mask mandatory, at least a surgical (type II) mask mandatory or at least an FFP2
mask mandatory. Every increase in the level of the type of mask gives better protection.

Cleaning policy
The COVID-19 virus can stay infectious from hours to days on several different surfaces, which includes stain-
less steel and plastic (Van Doremalen et al., 2020; Chin et al., 2020). A study done by Kampf et al. (2020)
showed that the COVID-19 virus could even stay as long as nine days on surfaces like glass, metal and plastic.
It could therefore be that COVID-19 will be transmitted via surfaces. This is the reason why public transport
operators and airlines have increased their cleanings policies due to COVID-19 (KLM, n.d.). However, it is
not 100% clear if cleaning policies are very effective in reducing the transmission of COVID-19. There are
several experts stating that infection with COVID-19 via surfaces is very rare (Thompson, 2020). Moreover,
the Centers for Disease Control and Prevention (CDC) stated that transmission via surfaces is one of the least
common ways of COVID-19 transmission (Newsroom, 2020). Nevertheless, companies all over the world
adopted increased levels of (extra) cleaning and sanitisation within vehicles (Krishnakumari and Cats, 2020).
It is expected that extra levels of sanitisation and cleaning in vehicles (and planes) will decrease the perceived
risk. If people know that vehicles are more often cleaned, they presumably believe that the probability of
infection with COVID-19 is smaller.
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Attribute levels: The four levels are: same cleaning policy as before COVID-19, increased cleaning policy (fo-
cus on touching points), weekly disinfection of the whole vehicle and daily disinfection of the whole vehicle.
The levels are based on several policies that airlines and rail companies implemented and still implement.

Ventilation
Whether the usage of air conditioning and ventilation systems does contribute to the spreading of COVID-19
remains partly unclear. Likely, it could happen that recirculated air will be used which is not filtered (Tira-
chini and Cats, 2020). Some evidence can be found about the fact that air conditioning can contribute to
infection with COVID-19 in indoor environments (Lu et al., 2020). The CDC recommends using air condition
systems that do not use recirculated air, so only on the non-recirculating mode (CDC, 2021). Another pre-
ventive measure that often is taken and recommended, is (frequent) ventilation of closed environments (Lu
et al., 2020); CDC, 2021). In vehicles, this becomes relevant for both passengers and drivers. Especially for
trips (with people often sitting for hours in the same cabin) this is important (Tirachini and Cats, 2020). The
United Kingdom recommended the following flow rate for ventilation for buildings of 8-10 liters per second
per person of fresh air, excluding re-circulation (Gartland et al., 2021; Bhagat et al., 2020). Several filters are
used and can be used to filter the air onboard vehicles. Often the so-called HEPA (high-efficiency particulate
air) filters are used. These HEPA filters are very efficient in filtering air, they are as effective as 99.9% (Chuay-
bamroong et al., 2010; Saini and Saini, 2020). (Almost) all planes have HEPA filters within the air conditioning
systems. Every 2-3 minutes, the air on-board a plane is renewed (Hunt and Space, 1994). The distributed
air from the air conditioning system is distributed via panels above the passengers. The air that was already
in the cabin gets sucked down by vans on the cabin floor (Hunt and Space, 1994). The ventilation system
onboard TGVs routinely exchanges inside air with outside air. The ventilation system draws air that is inside
the train, filters it, and then it will be mixed with air from outside (SNCF, n.d.). The proportion of filtered and
fresh air depends on the type of train but in general, 2/3 filtered air and 1/3 fresh air (SNCF, n.d.). Instead
of an airflow downwards, the airflow is upwards (vertical). Both trains and aircraft have ventilation systems
with filters; the systems work (on average) the same. These systems will have a negative relationship with
perceived risk. This means ’having’ such a system will decrease perceived risk. For this attribute, three levels
can be found.

Attribute levels: Airplanes do (almost) always have HEPA-filter on-board (Korbee, 2020). For trains, it does
not become fully clear if trains have HEPA filters onboard or not. SNCF stated that the air is refreshed every
few minutes but does not state that the train has a HEPA filter. Italo (a private Italian train company) do
state that their trains have HEPA filters onboard (Italo, n.d.). So it depends on the train. The levels are: no
ventilation and air conditioning, only ventilation, air conditioning without HEPA filters and air conditioning
with HEPA filters.

4.3.2. Destination-related attributes
The last four perceived risk attributes are destination-related. Either travelling by train or plane will not
change these attributes as these are related to the destination.

Vaccination/recovery and/or testing requirements
Due to COVID-19, almost all countries changed or introduced entry rules or sometimes closed the border
completely. Because of the ban or extra formalities, people travel less while travelling is harder (Chinazzi
et al., 2020). At the same time, the extra measures can have a negative contribution on perceived risk. The
reason for this will presumably be that the need for testing/recovery/vaccination decreases the chance that
someone is infected, and therefore the risk of infection will be decreased as well (RIVM, 2021). Due to this
decreased infection risk, presumably perceived risk by people decreases as well. For the different modes, the
requirements can be different, with, on average, more strict measurements for flying. Digital health pass-
ports, for example, might assist in standardising screening criteria at airports and border crossings, allowing
for a safer return to travel (Khatib et al., 2020). The same would count for trains; however, as there are, on
average fewer security/checks, it is easier to travel without recovery/vaccination/test. So it is expected that
the need for testing/vaccination/recovery has a negative relationship with perceived risk. This means that
the increased need does decrease perceived risk.

Attribute levels: Several policies are implemented within Europe, like 3G or 2G. The following levels are cho-
sen as they reflect different policies within Europe: no mandatory requirements, either testing, vaccination
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or recovery proof required (3G-rule), only vaccination or recovery proof required (2G-rule), and vaccination
or recovery + testing required or booster required (2G+-rule).

Infection rate
The infection rate is the number of confirmed cases in a country; in this case, this will be the Netherlands.
The RIVM (National Institute for Public Health and the Environment in the Netherlands) keeps track of the
number of confirmed cases. According to the RIVM (2021): "We can measure the rate at which the virus is
spreading before it reaches intensive care by keeping track of the number of confirmed cases. This allows
us to be prepared." The number of confirmed cases is thus an indication of the actual number of infections
within a country. This increase in infections will also increase the probability of being infected. This risk
factor is an exogenous factor, in contradiction to the aforementioned risk factors. In a study done by Wang
(2014), it was found that during the SARS outbreak in 2003 in Taiwan that the number of infections was an
important factor for predicting the usage of public transport. The infection rate can be treated in two ways.
As a first way, it can be included in the rating experiment as a risk factor. In a second manner, it can be used as
a context variable in the main choice experiment. For this research, it will be chosen to include it in the rating
experiment. This is due to the fact that, in this case, a direct relationship can be found between infection
rate and the perception of risk. This factor will be operationalised by number of positive tests per day (RIVM,
2021). As stated earlier, this is still an estimate, but it gives a good indication of the percentage of infections
on average.

Figure 4.2: Number of positive tests per day (RIVM, 2022)

Attribute levels: The infection rate levels do reflect different time moments during the pandemic. The levels
are: 100 positive tests per day (reflects the situation of the summer of 2020 or in June 2021), 10.000 positive
tests per day (reflects the situation of November 2020 and July 2021), 25.000 positive tests per day (reflects the
situation of November 2021) and 100.000 positive tests per day (fictitious situation).

Vaccination rate
At the beginning of 2021, the BioNTech/Pfizer vaccine was the first vaccine used in the Netherlands (Brabants-
Dagblad, 2021). From then on, as more vaccines got available, more and more people got vaccinated. At the
moment of writing, there is a vaccination rate of 68.4% (June 2022) (RIVM, 2022). Research showed that the
increase in vaccination rate does decrease the probability of getting infected (Chen, 2021). At the same time,
someone can still get infected with COVID-19, but the probability of severe symptoms is very small. There-
fore, it is expected that the vaccination rate has a negative relationship with perceived risk. This means that a
higher vaccination rate presumably decreases perceived risk. However, vaccines do not protect 100%. There-
fore there is always a risk of getting infected even when someone is vaccinated. But this research will focus
on risk perception, so this (subjective) risk perception will presumably decrease with higher vaccination rates.

Attribute levels: The levels reflect the vaccination rates in different European countries. The levels are from
December 2021: 15% vaccination rate (level as in Bulgaria), 30% vaccination rate (level as in Romania), 70%
vaccination rate (level as in the Netherlands and E.U. average), 90% vaccination rate (level as in Portugal).
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Travel advice
Europe and other countries all over the world introduced travel advice regarding COVID-19. Most of the time,
this travel advice was already there, stating which risk factors could be expected when travelling to a certain
country (Rijksoverheid, 2021). The travel advice website (Union, 2021) rates countries on severity by giving
colors. Green means low risk, yellow means potential risk, orange means high risk and dark red means very
high risk.

Attribute levels: These are the travel advice from the Dutch government (Rijksoverheid, 2021). The levels are:
green, yellow, orange and red.

Table 4.1: Rating attributes and attribute levels

Risk factors # levels Explanation attribute levels Category of risk Attribute Type

On-board crowding/load factor 4

0: 25 % of seats occupied

Mode/trip crow Ratio
1: 50 % of seats occupied
2: 75% of seats occupied
3: 100 % of seats occupied

Face mask policy 4

0: No face mask mandatory

Mode/trip mask Ordinal
1: Face mask mandatory (any)
2: Surgical mask mandatory
3: FFP2 mask mandatory

Cleaning policy 4

0: Same cleaning policy as before COVID-19

Mode/trip clean Ordinal
1: Increased cleaning policy (touch points)
2: Weekly disinfection whole vehicle
3: Daily disinfection whole vehicle

Ventilation/air conditioning 4

0: No ventilation and air conditioning

Mode/trip airco Ordinal
1: Only ventilation
2: Air conditioning without HEPA filters
3: Air conditioning with HEPA filters

Vaccination/recovery/testing requirements 4

0: No mandatory requirements

Destination req Ordinal
1: Either testing, vaccination or recovery required (3g-rule)
2: Only vaccination or recovery (2g-rule)
3: Always testing, and vaccination or recovery (2G+-rule)

Infection rate 4

0: 100 positive tests per day (summer 2020/June 2021)

Destination infect Ordinal
1: 10.000 positive tests per day (October/November 2020/July 2021)
2: 25.000 positive tests per day (November 2021)
3: 100.000 positive tests per day (fictitious extreme number)

Vaccination rate 4

0: 15 % fully vaccinated people (Bulgaria)

Destination vacc Ratio
1: 30 % fully vaccinated people (Romania)
2: 70 % fully vaccinated people (Netherlands and EU average)
3: 90 % fully vaccinated people (Portugal)

Travel advice 4

0: Green advice

Destination advice Ordinal
1: Yellow advice
2: Orange advice
3: Red advice

4.3.3. Context of rating experiment
For respondents, the context of the survey must be clear. If not, respondents will make their own assump-
tions when information is missing. This will result in data that has a lower quality. Of course, there is not
’one approach’ for constructing a survey with its context, but it is important to add as much information as
possible. This is always in consideration with the length of the survey. Because of this, decisions regarding
the context of the survey are discussed. The main goal of the research is to research whether perceived risk of
COVID-19 does influence mode choice for long-distance travel within Europe. First, the context of the rating
experiment is discussed. After this, the main choice experiment context is discussed.

In section 4.3 it is discussed which attributes are included in the rating experiment. All of the attributes have
four levels and are based on the context in Europe regarding COVID-19. This research uses two distance
classes to research the main choice attributes. Respondents are told as an assumption that in the rating
experiment, the travel they are taking always has the same duration. This was done to account for the time
component in the rating experiment. Krishnakumari and Cats, (2020) stated that a longer duration could
possibly increase the risk of infection with COVID-19, and therefore perceived risk can increase as well. By
combining the rating experiment with both distance classes of the main choice experiment, it can be analysed
that for longer trips, people have a higher perceived risk. Furthermore, respondents had to assume that they
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were either travelling by plane or by train. Thus, there was no distinction made between these modes. This
was done to keep the survey easy and not too long. In order to analyse the relationship between perceived risk
and each mode, interaction effects between perceived risk and mode-specific attributes will be estimated.

4.4. Main choice attributes
In this section, the main choice experiment variables/attributes will be discussed. The determinants of the
main choice experiment are travel time, travel cost, travel comfort and perceived risk. All attributes have three
levels. The attributes of travel time and travel cost are varied for all modes. Travel comfort and perceived risk
are only varied for plane and train. Perceived risk and travel comfort are not varied for car. This is because it
is assumed that respondents are not sharing their car with strangers. As a consequence, perceived risk in the
car is always very low. For travel comfort, it is assumed that people’ own’ the same car within the experiment.
Therefore, the comfort of the car does not change; thus, the levels of comfort are not varied. The attribute
levels can be found in table 4.2, 4.3, 4.4 & 4.3.

4.4.1. Included mode choice attributes
Travel time
Travel time is (almost) always taken into account in studies regarding mode choice (Morikawa et al., 2002;
van Goeverden, 2009; Román et al., 2010). Some studies refer to the total travel time (thus including access,
egress, transfer and waiting time). Other studies only refer to the in-vehicle time. In this study, the total
travel time will be used. This includes in-vehicle time and transfer time (if this applies). Access and egress
are incorporated in the total travel time in this study. This is done in order to keep alternatives simple and
understandable and because of the fact that this is not relevant for this study. The aim of this study is to
investigate the effects of COVID-19 risk on mode choice. Therefore total travel time will be simplified. There
will be made use of distance classes for this case. For each of these distance classes, there will be different
attribute levels. In total, there will be two distance categories:

• 400-600km: Destinations such as Paris, London, Zürich, Berlin en Copenhagen.

• 800-1200km: Destinations such as Bordeaux, Milan, Barcelona, Warsaw en Stockholm.

Attribute levels
Travel time is calculated using different sources in order to construct realistic travel times for the different
modes. The main choice experiment has two distance classes, 400-600 kilometres and 800-1200 kilometres.
For each distance class, the following steps were taken in order to construct the travel time levels for the main
choice experiment. First, the travel time for the shortest OD-pair within the distance class is calculated. After
this, the travel time for the longest OD-pair is calculated. Then the mid-point of these two travel times is
taken. The construction of values for travel time is rather an interactive approach.

• Car: For the calculation of the travel times of car, the websites ViaMichelin.nl, Rome2Rio.com and
Google Maps are used. ViaMichelin gives a very detailed indication for both travel time and travel cost
(ViaMichelin, n.d.). After this, Rome2Rio and Google Maps are used to compare travel times found
at ViaMichelin. (Rome2Rio, n.d.; Google, n.d.). This study does not focus on travel time variability.
Therefore for the shortest OD-pair within the distance class, the free-flow travel time is used. For the
longest OD-pair, the free-flow travel time plus some extra travel time to account for busy roads or traffic
jams. For the 400-600 kilometres distance class, an hour is added to the longest travel time. For the 800-
1200 kilometres, one and a half hours is added to the longest travel time. Now, a wide range of travel
time is available so that as much possible travel time values are within this range. The levels for the
400-600 kilometres distance class: are 4.5 hours, 6.5 hours and 8.5 hours. The levels for the 800-1200
kilometres are 10 hours, 13 hours and 16 hours.

• Train: For train, mainly the website Rome2Rio is used. About the same approach is taken as in the
calculation of the travel times for car. For each distance class, the travel time for the shortest OD-pair
is calculated for the first level using the website Rome2Rio. The same is done for the longest OD-pair
within the distance class for the third level. Then the mid-point was taken as the second level. The
travel time found on this website does include transfer time but does not include travel time from the
station to the city centre. Therefore, the travel time from the station to the city centre was calculated
and added as well. For this calculation of the travel time, Google Maps was used. To find the central
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point as the city centre, Google Maps was used as well. Google Maps was also used to calculate the total
travel time door to door for train as a check from Rome2Rio. Sometimes, if no information was available
from Google Maps, the website from N.S. international was used as well (NS, n.d.). For the OD-pairs,
almost always the same travel time was found. This confirmed realistic travel times levels for the main
choice experiment. The levels for the 400-600 kilometres distance class: 3 hours (Amsterdam-Paris),
4.5 hours and 6 hours. The levels for the 800-1200 kilometres are 6 hours, 9 hours and 12 hours.

• Plane: For the calculation of the travel times for plane, Rome2Rio was used as well. Rome2Rio calcu-
lated the total travel time, which includes access and egress times to the airport, waiting time at the
airport and flight time for the flight route. Rome2Rio calculates one and a half-hour of waiting time for
the short distance class and two hours of waiting time for the longer distance class. Again for the first
level, the shortest possible travel time is calculated for the shortest OD-pair. Then for the third level,
the total travel time for the longest OD-pair is calculated. Then for the second level, the mid-point is
taken. Google Maps and Skyscanner are used to check the travel times calculated by Rome2Rio. Again
almost all the travel times from Rome2Rio were similar to the ones calculated with Google Maps and
Skyscanner (Skyscanner, n.d.). The levels for the 400-600 kilometre distance class: are 3 hours, 4 hours
and 5 hours. The levels for the 800-1200 kilometre distance class are 4 hours, 5 hours and 6 hours.

Table 4.2: Travel time levels

Travel time
400-600 km 800-1200km
# levels Mode Value attribute levels # levels Mode Value attribute levels

3

Train
180 min 3h

3

Train
360 min 6h

270 min 4.5h 540 min 9h
360 min 6h 720 min 12h

Airplane
180 min 3h

Airplane
240 min 4h

240 min 4h 300 min 5h
300 min 5h 360 min 6h

Car
270 min 4,5h

Car
600 min 10h

390 min 6,5h 780 min 13h
510 min 8.5h 960 min 16h

Travel cost
Travel cost is one of the most important variables in travel behaviour research and (almost) always included
within stated choice experiments. Travel cost does refer to the cost of making a trip. This can be either the
ticket price or the total price for driving the car (fuel + any additional cost). Travel cost is often used in choice
experiments to retrieve the willingness to pay for improvements in one of the other attributes of interest. In
the case of this research, it would be researched how COVID-19 risk influences mode choice for long-distance
travel within Europe. In this case, it is studied how price is traded against COVID-19 (infection) risk. From the
literature review, it can be concluded that travel cost was one of the most important variables for mode choice
on long-distance travel (van Goeverden, 2009; Román et al., 2010; Dobruszkes et al., 2014). For the train op-
tion, the ticket price is often based on the distance travelled. However, for long-distance, this is not always
the case. There is a possibility of specially reduced prices. The prices on https://www.nsinternational.com/
are used as inspiration for the price levels. Ticket prices for airlines are based on demand and supply and, to
a lesser extent, on distance. For these ticket prices, realistic values are to be found based on certain OD-pairs
(classes). For cars, the total cost is varied, including fuel cost and all other costs.

Attribute levels
The values of the levels of travel cost are calculated using the following websites: Skyscanner, KLM, NS inter-
national and ViaMichelin. A similar approach is used for the travel time. For the shortest OD-pair within the
distance class, the cheapest possible fare is used for the first level. For the third level, the highest possible fare
for the longest OD-pair is used. The mid-point is used for the second level.

• Car: For car ViaMichelin is used. It gives a detailed overview of the costs of travelling by car. The
cost includes toll costs and fuel costs. The calculation was done in December 2021; this is important
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because fuel costs fluctuate. For the car, the ’hatchback’ type is used and the average price of EURO 95
fuel at the moment of search. To test whether the costs at ViaMichelin are a good approximation, the
cost were also calculated by using Google Maps (for calculating the distance), average fuel costs and
the average fuel consumption of a car. The approximations done by ViaMichelin were very close to the
calculation via Google Maps. The levels for the 400-600 kilometres distance class: are €80, €115 and
€150. The levels for the 800-1200 kilometres are €100, €150 and €200.

• Train: For the train Rome2Rio is used. It gives a price indication but does not include access and egress
to/from the station. Often stations are in the city centre. Therefore it is assumed that the train fares
reflect the full price. Often the costs of access and egress from the station can be neglected. In addition,
the prices were checked by checking fares on NS international, SNCF and Deutsche Bahn (SNCF, n.d.;
Bahn, n.d.). Ticket prices start already at €35 from Amsterdam to Paris. To account for the full range of
possible values, the first level for the 400-600 kilometre distance class is set to €30. The highest value
for travel cost in the 400-600 kilometre distance class is set €300. This reflects the price of a last-minute
trip to London in the 1st (premier) class on board the Eurostar. Higher prices are possible, but the €300
is assumed to be a realistic price within this distance class. For the second level, the mid-point is taken,
so the levels are €30, €165 and €300. For the 800-1200 kilometres, the cheapest possible fare for the
Nightjet is around €50, so this is chosen as the lowest level. For the highest level, €350 is chosen as
the maximum, but also higher fares are possible. However, €350 is assumed as a realistic price for the
highest level. The mid-point is €200.

• Plane: For plane, the website Skyscanner.nl is used (Skyscanner, n.d.). This website finds prices for
flights to destinations. Also, the website of KLM is used to find fares that are valid. For plane, within
Europe, distance does not always reflect the height of the costs. For example, a return ticket from Ams-
terdam to London is often more expensive than a return ticket from Amsterdam to Barcelona (Skyscan-
ner, n.d.). For KLM, tickets are offered for €100 return; therefore (as all travels are one-way), the lowest
level for the plane is €50. This is for both the 400-600km distance class and the 800-1200km distance
class. The highest level for the 400-600km distance class is set to €300. This fare is found for business
class to London on KLM, one week before departure (Skyscanner, n.d.). Higher values are possible, and
also lower values are possible, but this fare was the average found. Also, it is the most offered fare on the
website. For the second level, again, the mid-point is chosen, which is €175. For the 800-1200km level,
the highest value is set to €400. This is because, on average, the prices for the longer distance class are
a bit higher. For the second level, the mid-point is chosen, which is €225.

Table 4.3: Travel cost levels

Travel cost
400-600 km 800-1200km
# levels Mode Value attribute levels # levels Mode Value attribute levels

3

Train
30 euro

3

Train
50 euro

165 euro 200 euro
300 euro 350 euro

Airplane
50 euro

Airplane
50 euro

175 euro 225 euro
300 euro 400 euro

Car
80 euro

Car
100 euro

115 euro 150 euro
150 euro 200 euro

Travel comfort
Travel comfort is also an important factor regarding mode choice for long-distance travel. Román et al. (2010)
included comfort as an attribute in their research. The willingness to pay increased if the level of comfort was
lower. Furthermore, they found that increased levels of comfort in the plane did decrease the perception of
time. Train companies and airlines do offer different levels of comfort by distinguishing travel classes. For
plane, often, there is a choice between economy class and business class. For the train, there is (almost) al-
ways 2nd class and 1st class.
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Attribute levels
Travel comfort has two levels for both plane and train. As earlier explained, only legacy carriers are included
in the main choice experiment. Therefore, two levels are included, economy class and business class. For
train, there are also two levels, 2nd class and 1st class. For car, it is assumed that the level of comfort does not
change.

Table 4.4: Travel comfort levels

Travel comfort
# levels Mode Value attribute levels

2
Train 2nd class

1st class

2
Airplane Economy

Business
1 Car Same level

Perceived risk
Perceived risk is the last attribute that will be included in the main choice experiment. This attribute is di-
rectly connected with the rating experiment. In the rating experiment, respondents rated their risk of getting
infected with COVID-19 on the train or plane journey based on eight factors. Respondents rated their journey
on a Likert scale with 1-very low, 2-low, 3-medium, 4-high and 5-very high. In the main choice experiment,
perceived risk is an attribute amongst the other main attributes. As all levels in the main choice experiment
have three levels, perceived risk has three levels as well. Therefore, the levels are 1-low, 3-medium and 5-high.

Attribute levels
This attribute is only varied for the plane and train modes. This is because it is assumed that people do not
share their car with strangers. As a consequence, perceived risk in the car is always assumed to be very low.
For train and plane, three levels will be varied. These levels are directly derived from the rating experiment.
However, the 2nd and 4th level are not included. In this case, perceived risk is a given, and respondents do
not rate their risk as they did in the rating experiment.

Table 4.5: Perceived risk levels

Perceived risk
# levels Mode Value attribute levels

3 Train
1-Very low
2-Medium
3-Very High

3 Airplane
1-Very low
2-Medium
3-Very High

1 Car 1-Very low

4.4.2. Mode choice attributes not included
More attributes are important regarding mode choice for long-distance travel in Europe. However, they are
not included in the research. Partly, this is due to the size of the research and the sake of simplicity. Moreover,
this is because of the fact that often these attributes do not turn out to be significant. The attributes will be
shortly discussed.

Access and egress time: This factor is included within the total travel time. As this research does not focus on
one specific destination but rather distance classes, access and egress time would be very hard to incorporate.
Often it is included in studies about public transport, but these studies are on the smaller scale (Morikawa
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et al., 2002; Román et al., 2010).

Transfers: In the first design phase of the survey, transfers were included in the main choice part. For the
sake of simplicity and due to the focus of this research on perceived COVID-19, transfers are not included.
Moreover, in order to keep the research (and survey) clear and easy to understand, transfers are not included.

Reliability: Travel time reliability is an important factor for travel behaviour. Román et al. (2010 included this
factor into their research. Delays for both trains and planes are not uncommon. However, it is hard to incor-
porate this into the main choice experiment. For example, a percentage (extra) travel time could be varied
in the main choice. However, as the main choice will consist of two distance classes, there will be too many
attributes for the respondents. Therefore, it is chosen to not include reliability in this research.

Attributes regarding car: Several studies included attributes regarding car in their research. For example
Hensher and Rose (2007) included daily parking cost and toll costs. For this research, it is assumed that the
cost of the car does already include the toll costs. This will be further elaborated on in the section on survey
design. Parking costs are not taken into account, as the focus of this research is only on the trip from origin to
destination. Parking costs arise after reaching the destination, so, therefore, are not included in this research.
Thus, for the cost attribute for car, toll cost is already incorporated into the total cost.

Frequency: Within the public transport area, frequency is one of the most important factors. Again Román
et al. (2010) used this in their research on the Madrid-Barcelona corridor. As this research is more a general
approach to long-distance travel and not based on a case study like the Madrid-Barcelona corridor, it is hard
to incorporate frequency for all potential OD-pairs. Moreover, the focus of this research is on travel time, cost,
comfort and COVID-19. Thus, frequency is not included in this research.

Waiting time: Hensher and Rose (2007) included waiting time into their research. In this research it is in-
cluded in the ’total’ travel time.

Departure / arrival time: Bhat (1998) and Hensher and Rose (2007) both found that including departure and
arrival time did increase the modal fit. As this research will have a general approach rather than a certain
OD-pair, including a departure and arrival time would not make a lot of sense. Therefore, this will also not be
included in the research.

4.4.3. Context of main choice experiment
This research takes a general approach to travel within Europe, starting from the Netherlands. As stated ear-
lier, the main choice experiment will be divided into two distance classes, 400-600 kilometres and 800-1200
kilometres. This is done to keep the survey clear and understandable for respondents. In addition, a few ex-
ample destinations will be mentioned so that respondents can imagine what kind of trip they will be making.

It is assumed that respondents are travelling from city centre to city centre. For travel time, this means that
it included access and egress time. For travel cost, it is assumed that for each mode, travel cost reflects total
cost, so including the costs for access and egress. For car, the costs reflect the total costs, including gas costs,
toll costs and costs regarding wear and depreciation. Perceived risk is a given, and respondents do not have
to rate it by themselves in the main choice experiment.

Moreover, for the mode plane, it is assumed that respondents are travelling by legacy carriers like KLM,
Lufthansa or Air France, so no low-cost carriers like Ryanair or EasyJet. The reason for this is that low-cost
carriers often offer such low prices that are not realistic. Often people plan the destination based on price
rather than choosing a destination and then looking for tickets. In order to ’give’ every mode a fair proba-
bility of being chosen, such low prices are not included; hence low-cost carriers are excluded. For trains, it
is assumed that people are using common-rail services starting from the Netherlands like Thalys/TGV, ICE,
Eurostar and the NS international intercity Berlin. At last, respondents have to assume that the trip was paid
for as specified earlier in the survey by the respondent him or herself, together with the travel purpose that
was specified.
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4.5. Socio-demographic variables and travel behaviour related variables
Other than the rating and main choice part, the survey does contain questions about socio-demographics
and travel behaviour. The questions are added to the survey in order to account for interaction effects of
socio-demographic variables and give insight into how the travel behaviour of the respondents influences
mode choice. The questions on travel behaviour are asked in the beginning to introduce the respondents
to the subject and get familiar. At the ending of the survey, socio-demographic questions are answered, as
these questions are easy for the respondents and will not exhaust too much. This order is done to account for
as many completes as possible. Socio-demographic characteristics are crucial to include in the study since
they provide insight into the composition of the respondent sample. In addition, given these factors, it is
feasible to get insight into how these socio-demographic characteristics affect the main choice attributes and,
therefore, mode choice. Additionally, acquired data may be utilised to identify distinct market segments and
user groups. When estimating choice models, Ben-Akiva and Bierlaire (1999) stated that socio-demographic
factors must be included to explain probable individual heterogeneity. It can also enhance modal fit. Socio-
demographic characteristics may have both direct and indirect influences on utility via interaction effects
with other variables. The next paragraph will address these factors.

4.5.1. Socio-demographic variables
Age: Is one of the most common used socio-demographic variables. Several papers and research did look
include this into their research: Buehler and Nobis (2010), Hensher and Rose (2007), Paulssen et al. (2014),
Román et al. (2010). Often different age groups have different preferences for certain modes.

Gender: This socio-demographic variable is also a very common variable to include in stated-choice exper-
iments. Almost all studies include this socio-demographic variable (Buehler and Nobis 2010; Hensher and
Rose 2007; Paulssen et al. 2014; Román et al. 2010; Johansson et al. 2006). With this variable, it can be anal-
ysed if women and men have different preferences regarding the variables in the main choice experiment,
this could be for example in the preference for a certain mode.

Income: Also an important socio-demographic variable to take into account. It is not always clear how this
income is asked in the survey. Some papers ask about dispensable income, while at the same time other pa-
pers ask for gross income (Buehler and Nobis 2010; Hensher and Rose 2007; Paulssen et al. 2014; Román et al.
2010; Johansson et al. 2006). As it is expected that higher income will influence mode choice, this variable is
included in the model. It is expected that higher income will increase the willingness to pay for the attributes,
like time and comfort for example.

Car availability: Often considered as well. Both Buehler and Nobis (2010) and Limtanakool et al. (2006) in-
cluded car availability into their research. For this research, it is not included.

Work status: Hensher and Rose (2007) included this variable in their research in order to check if the sample
was representative, but they did not include this in the model specification. The same will be done for this
research, and in addition to this, it is included in the model interactions.

Education level: Socio-demographic variable that is often included in models as well. Johansson et al. (2006)
stated that he previously did not find any literature on including education level for long-distance travel;
however, in his research, it turned out to be significant. Education level is also expected to have an influence
on mode choice and, therefore, will be included in the model.

Household size and composition: This socio-demographic variable is sometimes included in studies and
sometimes not. For example Buehler and Nobis (2010), Hensher and Rose (2007), Limtanakool et al. (2006)
and Johansson et al. (2006). For this research it will be included to test if the sample is representative, but it
will not be included in the model.

4.5.2. Travel behaviour/trip characteristics
The survey will lastly consist of a few questions on the travel behaviour of the respondents. This is done to
test if these factors will influence the main choice variables and, as a consequence, the mode choice.
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Travel frequency: This variable is sometimes included in research. Several research included this such as
Román et al. (2010), Van Loon and Rouwendal (2013) & Nieto-García et al. (2020). For this research, this at-
tribute will be included to test whether travel frequency of respondents influences perceived risk.

Preferred travel mode: Hensher and Rose (2007) included the preferred travel mode in their study. For this
mode choice research, it is interesting to see if the preferred travel mode influences the mode choice. It is
expected that people will stick to their main preferred mode when making a choice. In this research, it will be
questioned for both the 400-600km and 800-1200km distance classes.

Payment: This attribute is included in order to test whether the value of time values changes when payment
is made by the respondents or by someone else, or education/work. Kouwenhoven et al. (2014) found signif-
icant different in the VoT values for different purpose of work.

Trip purpose: Both Buehler and Nobis (2010) and Román et al. (2010) included trip purpose in their research
and for both studies this turned out to be an important factor. Often willingness to pay for business trips
is higher (as the respondent does not pay by him or herself) than for leisure trips. Therefore this will also
be taken into account in this research. However, this is not done in the same manner as in these studies.
In this research, people are asked if they pay for themselves or if someone else is paying for their trip. In this
case, it can still be analysed if the willingness to pay is higher if respondents do not have to pay for themselves.

Travel company: A study done by Mertens et al. (2020) showed that risk for family and loved ones was one of
the most important predictors of COVID-19 fear. Therefore it is also included in this research to test whether
travel company contributes to perceived risk.

Worry COVID-19: This attribute is about the fact that people worry more or less about the omicron-variant
in comparison to the delta-variant. It is included to test whether respondents are more or less worried about
the omicron-variant in comparison to the delta-variant.

4.6. Theoretical framework
The theoretical framework incorporates the many factors described in the previous sections. Figure 4.3 pro-
vides a graphical presentation of the framework used to construct the Discrete Choice Model. On the left
side, the perceived risk rating attributes are represented. The first four attributes are mode-related, and the
last four attributes are destination-related. In the upper part, the included socio-demographic variables are
represented. On the right side, the travel behaviour attributes are represented. The unobserved variable,
which is the utility of choice, is represented by the oval box.
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Figure 4.3: Theoretical framework

4.7. Generation of the choice sets
When generating choice sets in order to construct the survey. To create choice sets, the Ngene software is
used (the ’so-called’ experimental design). Appendix B contains the Ngene code. The Ngene manual con-
tains detailed instructions for defining the syntax, which is used to make the following judgments.

Perceived risk rating experiment
There is no prior information available for the rating experiment. This is required in order to create efficient
designs. As a result, a more ’conventional’ design is used. A full factorial design is not recommended since it
produces an excessive amount of choice sets. To get a sufficient number of responses, the survey should be as
brief as feasible. As a result, a fractional factorial design is adopted in this study. An orthogonal design is cho-
sen because it ensures attribute level balance; this means that all attribute levels appear an equal number of
times in the choice sets. This results in minor correlations. It is decided to do an unlabeled experiment. The
rating experiment will only be conducted for train and plane modes. To simplify, there is no differentiation
inside the rating experiment. This suggests that people are either taking the train or flying. The rating ex-
periment makes no difference between these modes. As a consequence, the choice sets may be constructed
in sequential order. Ngene can generate an orthogonal design with 20 rows. Respondents will get exhausted
if they are asked too many questions. As a consequence, blocking is used. Four blocks are used within the
design, and each respondent is given five questions to assess their level of perceived COVID-19 risk. Because
some of the attributes are categorical, such as face mask policy and travel advice, dummy coding is used. Ef-
fects coding could also be used; the findings would remain the same. The difference is in how the parameters
are interpreted. The Ngene design can be found in appendix B.

Main choice experiment
For the main choice experiment, it is chosen to go for an efficient design. An efficient design results in fewer
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choice sets for the survey than an orthogonal design. In this case, there is prior information available; how-
ever, not for all four variables. Therefore a Bayesian D-efficient design is chosen, so the prior values can differ
around the mean. The value of time values in the Netherlands are investigated by Netherlands Institute for
Transport Policy Analysis (Kim). The value of time (VoT) for car drivers is set at around 8 euros per hour; for
train travellers, it is set to around 10 euros per hour (KiM, 2020). Using a βcost of 0.01 and a βt i me of 0.1 leads
to a VoT of 10 euro per hour. For βr i sk the value of 5 euros per level of decrease in perceived risk is chosen.
This is chosen as earlier research of van de Wiel (2021) found this value. For comfort, 50 euros per increase
in class is chosen; this is rather an ’educated’ estimate. No exact prior values can be found for comfort. As
a consequence, this prior value can be anywhere between 25 euros and 75 euros. Ngene finds an efficient
design with only ten rows. It is chosen to go for a design with 12 rows as this number can be divided by three.
The reason for this is the fact that 12 choice sets give more information. As the main choice is divided into
two distance classes, this gives a total of eight main choice questions for the respondents. Both designs can
be found in appendix B.

4.8. Survey construction
The construction of the survey is done by using the MWM2 (Crowdtech) survey software.

4.8.1. Survey implementation in software
The designs found by Ngene will be used to construct the actual survey. The values of the variables are varied
in the design; however, the representation of such a table is not attractive and easy to understand for respon-
dents. The software that will be used is from MWM2 (Crowdtech). This software contains all the elements to
construct the survey. The data can be downloaded as a .CSV file or as a .sav (SPSS) file.

Rating experiment
As earlier discussed, there will be 5 rating questions per respondent. Respondents need to rate their perceived
risk of COVID-19 from 1-very low risk to 5-very high risk. An example from the real survey can be found in
the figure below.

Figure 4.4: First question of rating experiment (block 1)

Main choice experiment
The resulting experimental design found by Ngene is transformed into choice situations for the main mode
choice experiment. Respondents will have three alternatives, train, car or plane. The figure below shows an
example of the main choice experiment. As there are two distance classes, respondents answer in total eight
questions.
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Figure 4.5: Example of main choice experiment question

4.8.2. Testing of survey
The first versions of the survey were tested among family and friends who were not familiar with transporta-
tion. This was done because people that are not experts also need to understand what the survey is about.
The target group is a representative sample of the population of the Netherlands, so everyone must under-
stand the survey. Furthermore, the committee members of this thesis gave extensive feedback. The most
important feedback was: to make use of icons within the rating experiment so it is easy to interpret. Further-
more, the length of the survey was reduced as much as possible. At the same time, information was given
if needed. At last, some textual changes were made. It is chosen to only present the survey in Dutch as the
target group is the Dutch population.

4.9. Summary
Main points of chapter

• The survey contains two experiments, the rating experiment and the main choice experiment.

• The rating experiment consists of eight attributes, with each four levels.

• The main choice consists of four attributes, with each three levels.

• Each respondent answers five rating questions and eight main choice questions.

• The choice set consists of train, plane and car.

• For the rating part, only train and plane are taken into account, as it is assumed that respondents do
not travel with strangers in their car.

This chapter gives details about the process of designing a survey. At first, the context of the survey was dis-
cussed. People are travelling to European destinations. A more general approach is chosen rather than a case
study for an OD-pair. As a consequence, there is no case study on one OD-pair. To categorise destinations,
two distance classes are introduced, the 400-600 kilometre class and the 800-1200 kilometre class.

In addition, the choice experiments were specified. The survey includes two separate experiments: a per-
ceived risk rating and the main choice experiment. Three options were included in the main choice set: train,
plane and car. For both the perceived risk rating and the main choice experiment, attribute values were given.
For the rating experiment, an orthogonal design was selected; for the main choice experiment, an efficient
design was chosen. Moreover, the choices to generate the experimental designs were discussed; Ngene will
be used for this. A blocked design reduces the number of questions that a respondent must need to answer.
For the rating experiment, four blocks were selected; for the main choice, three blocks were selected. The per-
ceived risk rating experiment consists of five questions, while the main choice experiment consists of eight
questions.
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5
Data analysis

This chapter elaborates on the characteristics of the sample. In the first section, elements about data collec-
tion are discussed. Then, in the second section, the characteristics of the sample are explained. In the third
section, the sample is discussed regarding travel behaviour. In section four, a summary is given.

5.1. Data collection
The research question is about how risk perception on COVID-19 contamination influences mode choice
in Europe. The research does focus on the Dutch population. Because of this reason, the sample needs to
be a representation of the Dutch population. A problem with the collection of own responses is that often
certain population groups are overrepresented and other groups underrepresented. The minimum age for
the survey is 16 years. Therefore, it needs to be accounted that people under 16 years are not included in the
sample (but, of course, this group is part of the population). Another important step for this research is to
collect enough responses. Johnson and Orme (2010) suggested a rule of thumb for calculating the minimum
necessary number of responses. The formula is presented below:

n × t ×a

c
≥ 500 (5.1)

Within this equation n means the number of respondents that are required, t is the number of choice tasks,
a is the number of alternatives, and c is the highest number of levels used in the choice set. In this case, the
minimum number of respondents is necessary to know.

Rating experiment
Substituting the known values for the rating experiment leads to the following equation:

n ≥ 500× c

a × t
= 500×4

1×20
= 100 (5.2)

This equation shows that there are at least 100 respondents needed when they are faced with 20 choice tasks.
This is too much for respondents. The choice tasks are divided into four blocks; thus, there are 100×4 = 400
respondents needed for the rating experiment.

Main choice experiment
Substituting the known values for the main choice experiment leads to the following equation:

n ≥ 500× c

a × t
= 500×3

3×12
= 41.67 (5.3)

As there are three blocks, the minimum number of required respondents is: 42× 3 = 126. For both main
choice parts (400-600km & 800-1200km), an efficient design is used. The Ngene software calculates the so-
called ’sp-estimate’ for all betas. The sp-estimate is the minimum number required respondents needed. The
sp-estimate for the 400-600 kilometer distance class is 41.51 forβpr . So the minimum number of respondents
is 126. This number is (almost) the same as the calculated one from the equation. For the 800-1200 kilometer
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distance class is 45.13 also for βpr . So the minimum required number of respondents is 138.

Data was gathered in many methods. The survey was open for a response from the 8th of February to the 8th

of March. Cooperation with NS has taken place. This was because of the fact that they were interested in the
topic of this thesis. Therefore the survey was also distributed to their panel. In total, the survey was sent to
5000 people. In total, 938 respondents took part in the survey and fully completed the survey. This is a re-
sponse rate of 18.7%. In addition, the survey link was shared with friends, family, and coworkers, as well as on
social media sites such as LinkedIn, Instagram, and the Royal HaskoningDHV C-Infra department. This re-
sulted in a total of 209 completed responses. All in all, the total number of completed responses of this survey
was 1147, which is way above the minimum needed respondents. This number surpassed expectations.

5.2. Sample characteristics
Several background and socio-demographic questions are included in the survey. This is done because of
two reasons: the first reason is to test whether the sample is representative to the Dutch population, and the
second reason is to interact these variables in both the rating and main choice experiment. To check whether
the sample is representative, the statistics from CBS are used to compare with the sample characteristics. For
age, the second percentage found from CBS is the percentage without the 0-19 age group. This is done, as this
gives a more ’fair’ comparison, as the minimum age of this survey is 16 years old. It can be seen from table
5.1 that for some variables, the sample is quite representative, while for the other variables, it is not.

Age
Let’s start with the variable age. Both the 20-40 and 40-65 values are nearby the values of CBS. For the 0-19
category, the sample rate is way lower, but this is a logical consequence as respondents had to be 16 years or
older. The 65-80 and 80+ groups are overrepresented, this is a consequence of using the NS panel. Within this
panel, there are more respondents in the higher age groups. Total frequency deviates from the total number
of participants as some respondents did not wish to fill in age.

Gender
Gender is more straightforward. The percentages of both groups are very close to the CBS ones. However,
in this sample, there are a little bit more males than females. People that did not want to specify or identify
themselves as ’other’ are not included in comparison with CBS.

Income
The variable income is not very representative in comparison to the Dutch population. It was expected that
higher-income classes would be more presented than the lower-income classes. This is because a lot of re-
spondents are from the author’s own environment, with often more ’higher’ educated people that often do
better-earning jobs. However, as also the NS panel was used, it would be expected to be less. But also within
the NS panel, there are more higher-income classes than the lower one. In the range from €20.000 to €50.000,
the percentages are quite similar. As a consequence of the overrepresentation of the higher income classes, it
can be expected that the willingness-to-pay values and Value of Time calculations are possibly too high.

Education
For education, only data is available from the NS panel group. This question was only asked in the NS panel.
Again here, education cannot be seen as very representative of the Dutch population. The ’lower’ levels of ed-
ucation are always lower in the sample than in the population, and the opposite can be seen for the ’higher’
level of education. This was to be expected for the same reason explained with income. Only havo, vwo and
hbo-,wo-bachelor are similar in percentages.

To summarise, the representativeness of this sample of Dutch people travelling to European destinations is
questionable. This is partly due to the fact that most of the respondents do use the train on a regular basis.
For this research, this is not considered a big problem. When considering the findings, there have to be kept
in mind that the sample was primarily made up of frequent rail passengers.
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Table 5.1: Characteristics of the sample

Socio-demographic variable Category Frequency Percentage sample Percentage CBS
Age 0-19 27 2.4% 21

20-40 261 23.1% 25% / 34%1

40-65 418 36.9% 34% / 43%1

65 to 80 371 32.8% 15% / 19%1

80+ 55 4.9% 5% / 6%1

Total 1132
Gender Female 547 49.0% 50.3%

Male 569 51.0% 49.7%
Total 1116

Income €10.000 77 8.5% 13.6%
€10.000-€20.000 85 9.4% 23.3%
€20.000-€30.000 117 12.9% 18%
€30.000-€40.000 156 17.2% 14.7%
€40.000-€50.000 141 15.5% 10.9%
€50.000-€100.000 247 27.2% 16.5%
€100.000-€200.000 76 8.4% 2.6%
€200.000 or more 10 1.1% 0.4%
Total 909

Education Basisonderwijs 7 0.8% 8.3%
Vmbo-b/k, mbo1 22 2.4% 10.7%
Vmbo-g/t, vwo-onderbouw 65 7.0% 8.4%
Mbo2, mbo3 en mbo4 119 12.9% 26.6%
Havo, vwo 93 10.0% 9.5%
Hbo-,wo-bachelor 258 27.9% 21.9%
Hbo-,wo-master, doctor 323 34.9% 13%
Do not know 39 4.2% 1.7%
Total 926

5.3. Travel behaviour of the sample
In the first part of the survey, questions on travel behaviour were included. Respondents were asked how
often they travelled to European destinations in 2021. Also, travel purpose was asked, together with travel
company and preferences for mode (in both distance classes). This was done to characterise the sample in
terms of travel behaviour. These questions will be used to interact with main variables as well. The percent-
ages are shown in pie charts. The first pie chart is always about the own response group, the second one
always about the NS panel group and the last is combined.

Travel frequency
In terms of travel frequency, both groups do differ substantially. In the own response group, most of the
people did travel at least once in 2021. In the NS panel, more than half of the respondents did not travel
at all. This will possibly give another perceived imagination for these respondents as they did not know how
travelling during COVID-19 was. Other groups were all quite small, so most of the respondents either travelled
only once or not at all.

Figure 5.1: Pie chart for own response group, the NS panel and combined for travel frequency
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Travel purpose
For both response groups and the combined group, most people travel for leisure. VFR travel is also important
in all groups; work is not very often chosen. This can be partly due to the COVID-19 pandemic and the way we
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also can easily meet digitally. At last, there are a few respondents travelling for school, study or educational
institution. There are no worthy of appointment differences between the groups.

Figure 5.2: Pie chart for own response group, the NS panel and combined for travel frequency
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Travel company
In terms of travel company, it can be seen that for the own response group and the NS panel, there are some
differences. More people are travelling alone within the NS panel group, but for the own response group
travelling with friends is more chosen than with the NS panel. The rest of the outcomes are about the same.

Figure 5.3: Pie chart for own response group, the NS panel and combined for travel company
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Preferred mode 400-600 kilometer distance class
Here may be some bias seen. For the own response group, the preferred mode in most cases is the car, with
the train close to it. With the NS panel, more than half of the respondents do favour the train. Especially plane
seems to underrepresented in the NS panel group.

Figure 5.4: Pie chart for own response group, the NS panel and combined for mode preference 400-600km
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Preferred mode 800-1200 kilometer distance class
Again potential bias can be seen, as within the NS panel group, even for this longer distance, a huge part
chooses train as their preferred mode. Within the own response group, most respondents chose the plane.
This also counts for the NS panel group, but still almost 25% of the respondents less than the own response
group.
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Figure 5.5: Pie chart for own response group, the NS panel and combined for mode preference 800-1200km

7%

22%

69%
1%1%

31%15%

48% 2%
4%

27%16%

52% 2%
4%

Train

Car

Plane

Bus

Other

As the last step, the mode choices of the respondents are analysed. In total, there were 24 choice sets, 12 for
the 400-600 kilometre class and 12 for the 800-1200 kilometre distance class. For every different choice task,
the percentages of each mode being chosen are shown in the figure below. On average the train is chosen 39%
of the time (especially in the shorter distance class), car 29% and plane 33%. In every choice set, every mode
is chosen at least once. This is a consequence of the efficient design; therefore, dominating alternatives are
not in the design. F choice task 8, it can be seen that plane is very little chosen. This is a logical consequence
of the values for plane in this choice set. For this case train and car do have the better attribute values, but
plane has a ’better’ value for comfort, i.e., business class. Therefore, there is no dominance. For choice set
18, plane is often chosen, in choice set 22 train has a high market share. However, in every choice set, every
mode is chosen at least once.

Figure 5.6: Percentages of mode being chosen in each choice task

5.4. Summary
Main points of chapter

• In total 1147 completed responses were collected.

• The sample composes mainly on highly educated people, that earn more than average.

• Age (and gender) are very well represented in the sample in comparison to the Dutch population

• Train is the most chosen mode, with car and plane about the same.

This chapter did provide an overview of the data collection. For this research, in total, 1147 responses were
completed. Responses were collected via the NS customer panel, social media and the family, friends and
knowns of the author. The sample is partly representative to the Dutch population, as some groups are over-
represented and others underrepresented; the consequences should be taken into account when calculating
the VoT and willingness-to-pay values.
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6
Model estimation results

This chapter presents the outcomes of the models used for both the rating and main choice experiment.
In the first section, the (linear) regression model is discussed that is used for the rating experiment. The
second section discusses the MNL model that is used for the main choice experiment, and elaborates on the
combination of the rating and main choice experiment. In the third section, a summary of this chapter is
given.

6.1. Perceived risk rating experiment: Regression
In order to study the effects of perceived risk on COVID-19 on mode choice for long-distance travel, the per-
ceived risk variable is introduced. Perceived risk is both the dependent and the independent variable; in
the rating experiment, it is the dependent variable, while in the main choice experiment it is the indepen-
dent variable. Perceived risk consists of eight factors; these factors are load factor, face mask policy, cleaning
policy, air conditioning, travel requirements, infection rate, vaccination rate and travel advice.

6.1.1. Model estimation
To study how the perceived risk attributes contribute to perceived risk, a regression analysis is done. Respon-
dents rated their perceived risk of COVID-19 based on a Likert scale. A Likert scale is a method for interrogat-
ing data that is difficult to quantify and providing it with an ordinal level of measurement (Joshi et al., 2015).
Therefore it is widely used in questionnaires and surveys. It was chosen to go for a five-point scale, as this is
easy for respondents to rate. The rating number (the target variable) is considered a continuous variable, and
is also estimated as a continuous variable. The data is analysed using IBM SPSS statistics 26.0.

Six of the eight factors are ordinal scale type; the other two are ratio scales. The ordinal levels need to be
coded into dummy or effects coded variables. This is due to the fact that every different level of an ordinal
variable has a different contribution. For example, the difference between no mask mandatory and any mask
mandatory are presumably different from the difference between any mask mandatory and surgical mask
mandatory. The number of positive tests is also dummy coded, this is because the levels represent certain
moments during the pandemic; therefore, the differences between levels are not always the same size. Either
dummy or effect coding can be used; in this case, dummy coding is used. As every level contributes to a better
(or worse) level of security, dummy coding gives an easy interpretation. The first level is the reference level.
Effects coding could also be used, but in this case, dummy coding gives an easier interpretation.
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Table 6.1: Dummy coded rating variables

Variable Level Coding
Face mask policy Any Surgical FFP2

No face mask mandatory 0 0 0
Face mask mandatory (any) 1 0 0
Surgical mask mandatory 0 1 0
FFP2 mask mandatory 0 0 1

Cleaning policy Increased Weekly Daily
Same cleaning policy as before COVID-19 0 0 0
Increased cleaning policy (touch points) 1 0 0
Weekly disinfection whole vehicle 0 1 0
Daily disinfection whole vehicle 0 0 1

Ventilation/air conditioning Ventilation Airco no HEPA Airco with HEPA
No ventilation and air conditioning 0 0 0
Only ventilation 1 0 0
Air conditioning without HEPA filters 0 1 0
Air conditioning with HEPA filters 0 0 1

Vaccination/recovery/testing requirements 3G 2G 2G+
No mandatory requirements 0 0 0
Either testing, vaccination or recovery required (3g-rule) 1 0 0
Only vaccination or recovery (2g-rule) 0 1 0
Always testing, and vaccination or recovery (2G+-rule) 0 0 1

Infection rate 10.000 25.000 100.000
100 positive tests per day (summer 2020/June 2021) 0 0 0
10.000 positive tests per day (October/November 2020/July 2021) 1 0 0
25.000 positive tests per day (November 2021) 0 1 0
100.000 positive tests per day (fictitious extreme number) 0 0 1

Travel advice Yellow Orange Red
Green advice 0 0 0
Yellow advice 1 0 0
Orange advice 0 1 0
Red advice 0 0 1

On-board crowding/load factor Ratio
25 % of seats occupied
50 % of seats occupied
75% of seats occupied
100 % of seats occupied

Vaccination rate Ratio
15 % fully vaccinated people (Bulgaria)
30 % fully vaccinated people (Romania)
70 % fully vaccinated people (Netherlands and EU average)
90 % fully vaccinated people (Portugal)

To answer the second research question, the model includes socio-demographic factors. Therefore, socio-
demographic variables are included in the regression. Background questions are not included as these are
only important for the main choice experiment. Most of the socio-demographic variables are ordinal scale.
The questions in the survey are very detailed. Including all levels as dummy variables would lead to a sub-
stantial increase in parameters. Therefore some of the levels are combined. The socio-demographic variables
(and the dummy variables) are shown in table 6.1. For every variable, it is discussed how these levels are com-
bined:

• Gender: Male is the reference level, female and other are level one. Only seven respondents out of 1139
(valid) responses identified themselves as other. Therefore the impact is very low; as a consequence, it
is combined with women.

• Age: For age, the same categories from CBS are used: younger than 20 years, 20-40 years, 40-65 years,
65-80 years and older than 80 years. Two levels are combined, 65-80 and older than 80 years. The group
older than 80 was very small and is therefore combined with 65-80 years.

• (Gross) Income: Again, the same categories are used as CBS: less than €10.000, €20.000-€30.000, €30.000-
€40.000, €40.000-€50.000, €50.000-€100.000, €100.000-€200.000 and €200.000 and more. The categories
are combined to less than €20.000, €20.000-€40.000, €40.000-€100.000 and more than €100.000. The
groups respond to low income, around ’modaal’ income, above ’modaal’ income and very high income.
Also, a substantial part of the respondents responded with ’I do not want to tell’. Therefore, this level is
also included as a dummy as there is no logical way of combining this level, but this level gives not any
information.

• Education: Very detailed levels are used: primary school, LBO, MAVO, VMBO, MBO ’oude stijl’, Mbo1,
Mbo2/Mbo3/Mbo4, MULO, HAVO, VWO, HBO (bachelor), HBO (master), WO (bachelor), WO (master),
WO doctor, Other. The HBO and WO levels are combined to HBO and WO. All the other levels are
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combined to MBO or lower. The reason for this is HBO, WO and MBO are the three primary levels of
education in the Netherlands.

• Work status: The levels are: school, student, salaried employment, working for the government, en-
trepreneur, freelance, volunteer, unemployed, housewife/houseman, retired, incapacitated, other, and
I do not want to tell. The levels are combined to not working, student & school, retired and working.
There were only three respondents that responded with ’I do not want to tell’ and only one with ’other’.
These are combined with not working for the sake of simplicity and minimal impact.

Table 6.2: Socio-demographic variables dummy coded

Socio-Demographics Dummy coded
Gender Female

Male 0
Female + I do not want to tell 1

Age 20-40 40-65 65-80
20 0 0 0
20-40 1 0 0
40-65 0 1 0
65-80 0 0 1

Income €20.000-€40.000 €40.000-€100.000 €100.000 I do not want to tell
€20.000 0 0 0 0
€20.000-€40.000 1 0 0 0
€40.000-€100.000 0 1 0 0
€100.000 0 0 1 0
I do not want to tell 0 0 0 1

Education HBO WO Other
MBO or lower 0 0 0
HBO 1 0 0
WO 0 1 0
Other 0 0 1

Work status Student Retired Working
Not working 0 0 0
Student & school 1 0 0
Retired 0 1 0
Working 0 0 1

6.1.2. Expectations contribution attributes
Every factor contributes differently to the value of the rating. Every level of the factors is an increase (or de-
crease) in the level of protection against COVID-19. Face mask policy, cleaning policy, ventilation/air con-
ditioning, travel requirements and vaccination rate: are expected to contribute to a decrease in perceived
risk. Therefore the attributes are expected to have a negative sign. It is expected that the different levels do
have different contributions (so different values). Infection rate, travel advice and load factor are expected
to have a positive sign; these factors contribute to an increase in perceived risk. Every level leads to a higher
risk, so as a consequence are also expected to contribute to perceived risk.

Including socio-demographic variables does help to investigate if certain groups in society rate perceived risk
differently. Commodari (2017) studied the influence of socio-demographic and psychological variables on
perceived risk of influenza. The study found that age and education significantly influenced perceived risk.
Older respondents did perceive risk as higher, and people with a ’lower’ level of education perceived their
risk as higher as well. Therefore it is expected that an increase in age level does contribute to a higher level of
perceived risk. For education the opposite is expected, so a higher level of education contributes to a lower
level of risk. Risk in general is perceived higher by women than by men (Finucane et al., 2000). Therefore it is
expected for gender that women perceive risk as higher than men. Hence a positive contribution is expected.
For work status and income no clear expectation can be found in literature. Therefore no expectations about
these variables are made.
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6.1.3. Results linear regression
The linear regression findings are reviewed in this section. At first, only the main attributes of the rating ex-
periment are estimated. After this, also socio-demographic variables are included. In table 6.3 all included
variables are shown. All of the parameters are significant on the 5% significance level. In table 6.4 the insignif-
icant parameters are shown. The stepwise method was used. With the process, insignificant parameters have
been removed stepwise, and then the model is re-estimated. This procedure is done until all parameters are
statistically significant.

Table 6.3: Included variables linear regression

Model Main effects Main & Socio-demographics
Main attributes Value t p-value Value t p-value
(Constant) 3.039 52.919 0.000 2.815 40.913 0.000
ADVICE3 0.698 15.412 0.000 0.702 15.620 0.000
VACC -0.006 -12.866 0.000 -0.007 -13.203 0.000
CROW 0.006 11.306 0.000 0.006 11.604 0.000
INFECT1 0.253 5.917 0.000 0.252 5.953 0.000
INFECT2 0.136 2.134 0.033 0.123 1.954 0.051
INFECT3 0.494 12.575 0.000 0.495 12.692 0.000
AIRCO1 -0.388 -5.411 0.000 -0.405 -5.684 0.000
AIRCO2 -0.193 -4.467 0.000 -0.198 -4.617 0.000
AIRCO3 -0.286 -7.419 0.000 -0.289 -7.560 0.000
REQUIRE1 0.138 2.627 0.009 0.144 2.757 0.006
REQUIRE3 -0.267 -7.424 0.000 -0.272 -7.608 0.000
MASK1 -0.261 -5.397 0.000 -0.268 -5.576 0.000
MASK3 -0.137 -3.889 0.000 -0.140 -4.005 0.000
Socio-demographic attributes Value t p-value
GENDER 0.088 3.283 0.001
HBO 0.137 4.191 0.000
WO 0.127 3.783 0.000
INCOME_20_40 0.112 2.634 0.008
INCOME_40_100 0.168 4.005 0.000
AGE_20_40 -0.095 -2.915 0.004
DO_NOT_SAY_INCOME 0.259 5.473 0.000

R2 = 0.129 R2 = 0.143
Adjusted R2 = 0.127 Adjusted R2 = 0.140

Table 6.4: Variables not included in the model

Model Main effects Main & Socio-demographics
Main attributes Value t p-value Value t p-value
MASK2 -0.036 -1.536 0.125 -0.029 -1.240 0.215
CLEAN1 -0.004 -0.304 0.761 -0.002 -0.132 0.895
CLEAN2 -0.023 -1.074 0.283 -0.020 -0.920 0.358
CLEAN3 0.003 0.216 0.829 0.002 0.139 0.890
REQUIRE2 0.022 0.791 0.429 0.019 0.674 0.500
ADVICE1 -0.003 -0.126 0.900 -0.001 -0.056 0.955
ADVICE2 -0.021 -0.941 0.347 -0.020 -0.886 0.376
Socio-demographic attributes Value t p-value
AGE_40_65 -0.022 -1.581 0.114
AGE_65_AND_OLDER 0.022 1.530 0.126
INCOME_MORE_100 0.025 1.374 0.170
NOT_WORKING -0.006 -0.382 0.702
STUDENT_SCHOOL 0.008 0.584 0.559
RETIRED -0.009 -0.709 0.479
OTHER_EDU 0.012 0.801 0.423
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Given the R2 for both models is compared, it can be concluded that the model including socio-demographics
outperforms the model with just main variables. The model with socio-demographics explains 14.3% of the
variance of the dependent variable. This value is not very high, but this could be explained by the following.
In society it was seen that a lot of people had different opinions on COVID-19 (Milosh et al., 2020). Moreover,
this could be from polarisation around opinions on COVID-19 (Arnold-Forster, 2021). Linear regression is
used for the estimation of the model. However, some may believe that this scale is ordinal, necessitating the
estimation of an ordered logit model. Following this assumption, the perceived risk rating attribute should
be considered ordinal. As a result, this attribute must be added with a set of dummy variables in the choice
model; then, interpolation for undecided intermediate values would not be allowed. Therefore it is assumed
that the five-point perceived risk scale is of interval measurement level. This allows the estimation of linear
parameters for the perceived risk attribute (Molin et al., 2017). The following equation is the result of the
results of the linear regression model:

PRCOV I D−19 =C +βR A ∗R A+βV R ∗V R +βLF ∗LF

+βI N F EC T 1 ∗ I N F EC T 1+βI N F EC T 2 ∗ I N F EC T 2

+βI N F EC T 3 ∗ I N F EC T 3+βV L ∗V L+βN H ∗N H

+βHP ∗HP +β3G ∗3G +β2G+∗2G ++βAM ∗ AM

+βF F P2 ∗F F P2+βGE N ∗GE N +βHBO ∗HBO

+βW O ∗W O +βI NC20−40 ∗ i ncome20−40

C = constant, RA = Red travel advice, VR = vaccination rate, LF = load factor, INFECT1= 10.000 infections.
INFECT2 = 20.000 infections, INFECT3 = 100.00 infections, VL = ventilation only, NH = air conditioning no
HEPA filter, HP = air conditioning with HEPA filter, 3G = 3G policy, 2G+ = 2G+ policy, AM = any mask, FFP2 =
FFP2 mask mandatory, GEN = gender, HBO = HBO education level, WO = university education level, INC20−40

= income between €20.000 and €40.000.

6.1.4. Interpretation of parameters
The results of linear regression give several implications. In total, eight main attributes are included in the
regression model, two of them are ratio scales and six of them are ordinal scales. All the ordinal scale vari-
ables are dummy coded. In total, there were 20 main parameters estimated. Also, five socio-demographic
attributes are included that are also dummy coded, ensuring a total of 14 parameters. For the main attributes,
all parameters do have the expected sign, except for REQUIRE1, which means 3G policy (i.e., either testing,
recovery or vaccination proof needed to travel). In this case, a negative sign would be expected as this policy
decreases the probability of someone infected when travelling (in comparison to the base level, with no travel
requirements). From this result, one could conclude that the respondents do not believe that the 3G policy
helps in decreasing their perception of risk.

All other main parameters do have the expected sign, and there are also insignificant main parameters. The
constant is 2.8; this is the value if all parameters are set to the base level. So when all parameter are set to
their base level, respondents rate perceived risk at 2.8 (so that is around the mean value of 3). This means
that respondents, on average, rated their perceived risk when base attributes are considered as a little un-
der medium. Are significant parameters are highly significant, except for INFECT2 (i.e., 25.000 infections per
day). For every attribute, it is discussed how to interpret the parameters.

Main parameters

• Travel advice: This variable is dummy coded, ADVICE1 means yellow advice, ADVICE2 means orange
advice, and ADVICE3 means red advice. Both the yellow and orange advice parameters are not signifi-
cant, so these levels do turn not out to be different from the base level green advice. However, red travel
advice has the largest positive effect on perceived risk, with a value of 0.702.

• Vaccination rate: This is a ratio variable with a contribution of -0.007 for every percentage point in-
crease in vaccination rate in the country of destination. For example a vaccination rate of 50% gives the
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following parameter: 50×−0.007 =−0.35. When travelling to a country with a vaccination rate of 90%
(Portugal), perceived risk is decreased with -0.63 rating points.

• Load factor: This is also a ratio variable, with (almost) the same but opposite contribution of vacci-
nation rate. The value of this parameter is 0.006. A load factor of 75% would lead to 70×0.006 = 0.42
increase in rating points. A load factor of 100% would lead to an increase of 0.6 points on perceived risk.

• Infections: Dummy coded variable, with INFECT1 meaning 10.000 positive tests per day, INFECT2
25.000 positive tests per day and INFECT3 being 100.000 positive tests per day. There is some counter-
intuitive outcome, as 10.000 positive tests per day contribute more (with a value of 0.252) to perceived
risk than 25.000 positive tests per day (with a value of 0.123). A reason could be that respondents find
it hard to imagine what the difference in levels means. INFECT2 is also just significant (or just insignif-
icant) on the 5% level; thus, it is not very significant (p-value of 0.051). The highest level, i.e., 100.000
positive tests per day, has the highest contribution of the dummy variables. This is in line with expec-
tations. It also has the second-highest contribution of the dummy coded attributes, with a value of
0.495.

• Ventilation/air conditioning: All dummy variables turn out to be significant. AIRCO1 (only ventilation)
has the highest contribution to the decrease in perceived risk with a value of -0.405. This is in line with
expectations as there was a huge focus from society on ventilation. Therefore it could be expected
that people do think this is important. AIRCO2 (air conditioning without HEPA filter) has the lowest
contribution of the dummies (with a value of -0.198); again, this could be expected, as air conditioning
without HEPA filters has a lower level of protection against viruses than air conditioning with HEPA
filters. AIRCO3 (air conditioning with HEPA filter) has a higher contribution than the previous level.
The value of air conditioning with HEPA filters is -0.289.

• Travel requirements: As explained earlier, the first dummy variable REQUIRE1 (3G policy), has a pos-
itive sign with the value of 0.144, which is not in line with expectations. A possible explanation for this
could be the fact that when first introducing the 3G policy last summer 2021, there was an exponential
increase in infections. People could therefore believe that this policy is not working in order to reduce
the infections and, as a consequence, contributes to an increase in perceived risk. REQUIRE2 (2G pol-
icy) is not significant. This can be explained as the 2G policy was never introduced, and there was a
lot of resistance. Also, the effectiveness of both the 3G and 2G has been questioned and is reduced
(Mouter et al., 2021). 2G+ is an extra level of security in comparison to 2G, with people also needing to
test even with a vaccination or recovery proof, it turns out to be significant. This level shows a negative
contribution to perceived risk, with a value of -0.272.

• Face mask policy: MASK1 (any face mask required) and MASK3 (at least FFP2 face mask required) are
significant. The level ’any face mask required’ has a higher contribution (value of -0.268) than ’at least
FFP2’ (value of -0.140). So the need to put on any face mask is more important to reduce perceived
risk than having at least an FFP2 mask, according to the respondents. A reason for FFP2 being of less
importance than any face mask can be partly due to the ignorance about the difference in levels of
safety of the different types of masks. MASK2 (at least a surgical type II mask required) did not turn out
to be significant. This is probably because this type of mask got attention very late (around December
2021/January 2022).

• Cleaning policy: None of the dummy variables turned out to be significant. This shows that there is
no difference from the base level ’same cleaning policy as before COVID-19’ and therefore does not
contribute in reducing perceived risk.

Socio-demographic attributes

• Gender: As in line with the expectations, gender turns out to be significant with a value of 0.088. This
means that being women or ’other’ other increases perceived risk with 0.088 rating points. This is not
a very high value in comparison to other attributes, but the value is significant, so there is a difference
between men and women.

• Education: The level HBO and WO are both significant and positive. This means in comparison to the
base (MBO or lower), people with education HBO and WO perceive the risk of COVID-19 as higher than
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people with MBO or lower education level. The value for HBO is 0.137 and for WO 0.127, so people with
HBO perceive risk as a bit higher than WO. The group OTHER_EDU is not significant, but does not give
information anyway.

• Income: For this attribute, there were no expectations. The levels ’income between €20.000 and €40.000’
and ’income between €40.000 and €100.000’ and ’I do not want to tell’ are significant. The first level has
a value of 0.112, the second level 0.168 and the last 0.259. Having an income between €20.000 and
€100.000 contributes to a higher perceived risk. However, the level ’income of more than €100.000’ is
not significant. The level ’I do not want to tell’ is significant; however, it gives no information. The
reason that it is included, as it does not make sense to combine this level with other levels.

• Age: It is expected that a higher age contributes to a higher perceived risk. This cannot be concluded
from the results. The age group ’20-40’ years contributes to a lower perceived risk (in comparison to
the base ’younger than 20 years). The other two dummy variables did not turn out to be significant.
So the age groups ’40-65 years’ and ’65 years and older’ do not contribute to an increase or decrease in
perceived risk.

• Work status: All of the parameters are highly insignificant. So work status does not influence perceived
risk.

6.1.5. Examples of combination of attributes
A few examples of combinations of levels are discussed to show what the result of the rating is according to
different combinations of the variables. These combinations are labelled to show potential real-world situa-
tions. As can be seen, perceived risk does not differ substantially from the mean level 3-medium risk.

Woman of age 35 is travelling on a busy Thalys in November 2021 to France
The levels are, in this case: any face mask required, air conditioning with HEPA filters, 3G policy, 25.000 pos-
itive tests per day, 75% occupancy and a vaccination rate of 70%. Gender is woman, age is 35 (so age group
20 to 40 years), study HBO and income between €20.000 and €40.000. For the sake of simplicity, all zeros are
kept out of the formula.

PRCOV I D−19 ≈ 2.7

Man of 60 on a full flight to Bulgaria in July 2021
The levels are any face mask required, air conditioning with HEPA filters, no travel requirements, 10.000 pos-
itive tests per day, 100% occupancy and vaccination rate of 15%, gender is man, age is 60, MBO or lower and
income of €40.000-€100.000.

PRCOV I D−19 ≈ 3.1

Women of 19 on a half occupied ICE train to Frankfurt in winter 2021
The levels are: at least FFP2, air conditioning with HEPA filters, 2G+ policy, 25.000 positive tests, 50% occu-
pancy and vaccination rate of 75%, gender is women, age is 19, WO education level.

PRCOV I D−19 ≈ 2.4

Table 6.5: Attribute level of examples

Travel advice Vaccination rate Load factor Infections Ventilation/airconditioning Requirements Face mask policy Gender Education Income Age
Thalys to Paris Yellow 70% 75% 25.000 HEPA 3G Any Woman HBO €20.000 - €40.000 35
Flight to Bulgaria Yellow 15% 100% 10.000 HEPA None Any Man MBO €40.000 - €100.000 60
ICE to Frankfurt Yellow 75% 50% 25.000 HEPA 2G+ FFP2 Woman WO €20.000 19

Table 6.6: Values attributes of examples

Travel advice Vaccination rate Load factor Infections Ventilation/air conditioning Requirements Face mask policy Gender Education Income Age Rating points
Thalys to Paris 0 0.49 0.45 0.123 -0.289 0.144 -0.268 0.088 0.137 0.112 -0.095 2.727
Flight to Bulgaria 0 -0.105 0.6 10.000 -0.289 0 -0.268 0 0 0.168 0 3.173
ICE to Frankfurt 0 -0.525 0.3 25.000 -0.289 -0.272 -0.14 0.088 0.127 0 0 2.356
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6.2. Main (mode) choice experiment: Discrete choice modelling theory
To study mode choice for long-distance travel in Europe, an MNL model is estimated. Based on four attributes
travel time, travel cost, travel comfort and perceived risk, respondents made a choice between train, car and
plane. First, a base model is estimated. Then, socio-demographic and travel behaviour interactions are added
to the model.

6.2.1. Estimation of the model
The data that is collected is used to estimate a (discrete) choice model. In order to get to the final model, sev-
eral separate models are estimated. To answer the remaining sub research questions, it is important to study
which parameters are significant and what the values are. In order to include context, socio-demographic
and travel behaviour interactions are included in the model. To estimate most of the socio-demographic and
travel behaviour attributes, the data needs to be prepared. All nominal and ordinal variables are dummy
coded, as is done in the rating experiment. Part of the variables is already dummy coded for the rating experi-
ment. The preparation of the data is done in Microsoft Excel. To estimate the choice models, PandasBiogeme
(in Python) is used (Bierlaire, 2020).

6.2.2. Expectations
In this section, the expectation of the contribution of parameters are discussed. Main attributes, socio-
demographic attributes and travel behaviour attributes is discussed.

Main attributes
The four main attributes are expected to have the following signs. Travel time, travel cost & perceived risk are
expected to have a negative sign. This based on intuition and previous main choice studies (van Goeverden,
2009; Román et al., 2010). Travel comfort is expected to have a positive sign, as an increase in class increases
the comfort of travelling, thus utility. It is expected that travel time contributes to perceived risk; hence the
interaction between these attributes should be significant. The levels of the main attributes can be found in
table 4.2, 4.3, 4.4 & 4.5.

Socio-demographic interactions
For the included socio-demographic attributes, the expectations of the interaction with the main attributes
is discussed. The levels can be found in table 6.2.

• Gender: This attribute is interacted with perceived risk, travel time and travel cost. As earlier explained
in the rating experiment (regression analysis), perceived risk is higher for women than for men (Finu-
cane et al., 2000). This result was also confirmed by the regression analysis showing a positive param-
eter for gender, meaning that women perceive COVID-19 risk as higher than men. For cost and time,
there is no expectation of the effect.

• Education: This attribute is interacted with perceived risk. It is expected that ’higher’ educated people
perceive risk lower, but the opposite is found in the regression analysis. As a consequence, it is expected
that ’higher’ educated people perceive risk as higher.

• Income: This attribute is interacted with travel cost. Higher income is expected to contribute to less
weight to the cost parameter (Ohnmacht and Scherer, 2010). For perceived risk, no expectation is there.

• Age: This attribute is interacted with travel cost, travel time, travel comfort and perceived risk. It is
expected that a higher age contributes to a higher perceived risk; however, from the regression analysis,
this could not be concluded. Thus, it is expected that age does not have a relation to perceived risk. For
cost, it is expected that an increase in age contributes to a lower weight, the same counts for travel
time. For comfort, it is expected that older people have a higher weight to this attribute (Ohnmacht
and Scherer, 2010).

• Work status: This attribute is not expected to have any effect on the main attributes, as, in the regres-
sion analysis, there were no significant attributes found.

Travel behaviour attributes
For the included travel behaviour questions (attributes), the expectations of the interaction with main at-
tributes is discussed. All of the attributes are dummy coded; see table 6.7.
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• Worry COVID-19: This attribute is about the fact if people worry more or less about the omicron-
variant in comparison to the delta-variant. This attribute is interacted with perceived risk. It is expected
that respondents that worry less have a lower weight to perceived risk.

• Payment for trip: This attribute is about the payment of the trip. This attribute is interacted with travel
cost. It is expected that people are less sensitive to the cost when respondents get paid by school or
work or someone else (in comparison with the base level’ payment by myself’).

• Travel company: This attribute is about with whom people are travelling mainly. This attribute is in-
teracted with travel cost and perceived risk. There is no expectation about the interaction with cost.
For perceived risk, it is expected that respondents weigh perceived risk higher if they are travelling with
other people. This is in line with Karlsson et al. (2021).

• Travel purpose: This question was about the main reason for travelling to destinations in Europe. This
attribute is interacted with travel cost and travel time. It is expected that the reason work and education
give both a lower weight to cost and time (Ohnmacht and Scherer, 2010).

• Travel frequency: This attribute is about how often respondents are travelling. This is interacted with
perceived risk. There is no expectation for this interaction.

• Mode preference: This attribute is about the mode-preference of the respondent for both the 400-
600km and 800-1200km distance class. It is interacted with the ASC of a mode. It is expected that
respondents with a preference for a certain mode have a positive sign for the ASC of the same model
and a negative sign if the mode preference is not the same as the ASC of this mode.

Table 6.7: Travel behaviour attributes with dummy coding

Travel behaviour attributes Dummy coded variables
Worry COVID-19 Same More

Less 0 0
Same 1 0
More 0 1

Payment trip Someone else Work/education
Myself 0 0
Someone else 1 0
Work, education pays 0 1

Travel company With friends With friends With family Other
Alone 0 0 0 0
With partner 1 0 0 0
With family/own household 0 1 0 0
With friends 0 0 1 0
Other 0 0 0 1

Travel purpose VFR School Work Other
Leisure 0 0 0 0
VFR 1 0 0 0
School 0 1 0 0
Work 0 0 1 0
Other 0 0 0 1

Travel frequency 1-3 per year 4-7 per year More than 7 times a year
No travel 0 0 0
1-3 per year 1 0 0
4-7 per year 0 1 0
More than 7 times a year 0 0 1

Mode preference 400-600km Train Plane Car
Bus + other 0 0 0
Train 1 0 0
Plane 0 1 0
Car 0 0 1

Mode preference 800-1200km Train Plane Car
Bus + other 0 0 0
Train 1 0 0
Plane 0 1 0
Car 0 0 1

6.2.3. Including socio-demographic & parameter interactions
This section is about the steps that are taken in order to include socio-demographic interactions and travel
behaviour questions. Together this leads to the final MNL model. The model with only main variables acts as
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the base model. There are several different MNL models estimated, with the base model always as a starting
point. To the base model, socio-demographics and travel behaviour interactions are added. The following
approach was taken. In section 6.2.2 the expectations of the interactions are discussed. Then, one by one,
different interactions are added to the model. For every difference (with only one extra interaction), it is ex-
amined if the parameters are statistically significant. The 5% significance level is used. The PandasBiogeme
codes and results of the estimation reports can be found in Appendix D.

Socio-demographic interactions
This section discusses the steps of including socio-demographic interactions. An explanation with the Log-
likelihood and ρ2 values of every different model, including the values of all parameters and interactions, can
be found in Appendix C.

• Gender: The interaction between gender and cost is not significant; hence there is no relationship
between gender and cost. For gender and time, the same can be found, with a highly insignificant
interaction between gender and time. The opposite can be found for gender and perceived risk, with a
highly significant parameter between perceived risk and gender. The negative sign is also in line with
the literature and the regression model. Women have a higher weight.

• Education: Three extra parameters are estimated for the interaction between education and perceived
risk; this is due to the dummy coding. All three parameters are significant. The negative sign is in
line with the negative with the regression model, with HBO and WO (in comparison to MBO or lower)
having positive contributions to perceived risk. In this model, there is a higher weight on perceived
risk.

• Income: Four extra parameters are estimated to test the interaction between income and cost. All
parameters are significant. All of the levels are significant with a positive sign, which means that for
these levels, there is given less weight to cost. Every higher level in age contributes to a less negative
weight on cost. The level ’do not say’ is also significant, but it gives no information anyway.

• Age: Three extra parameters are estimated for the interaction with cost. All parameters are significant.
In comparison to the base’ younger than 20 years, all parameters have a positive sign; hence there is a
lower weight to cost. This is in line with reasoning as ’older people are in general less sensitive to cost
than younger people. The interaction between age and perceived risk also gives three extra parameters.
None of the parameters turns out to be significant. So there is no relation between age and perceived
risk. The last interaction between age and travel comfort gives three extra parameters as well. None of
the parameters turns out to be significant; there is no relationship between age and travel comfort.

• Work status: Four extra parameters are estimated for the interaction between work status and cost. The
levels’ student’ and ’not working’ in comparison to the base level ’working’ have significant parameters.
Student shows a counter-intuitive sign, being positive (so less weight to cost) than working people.
However, people that do not work have a higher weight to cost (which is in line with expectations).

Travel behaviour interactions
This section discusses the steps of including travel behaviour interactions. An explanation with the Log-
likelihood and ρ2 values of every different model, including the values of all parameters and interactions, can
be found in Appendix D.

• Worry COVID-19: Two extra parameters are estimated in order to test the interaction between the
worry of the omicron-variant in comparison to the delta-variant (base level). Both parameters are in-
significant, so no relation can be found.

• Payment: Three extra parameters are estimated to test the interaction between payment (who pays for
the trip) and cost. Only’ work or education pays’ is significant with a positive sign; hence a lower weight
to cost can be found for this attribute in comparison to ’payment by yourself’ (base level). The other
parameters are insignificant.

• Travel company: Four extra parameters are estimated for the interaction between travel company and
cost. All parameters are significant except for ’other’, but this gives no information anyway. All param-
eters are negative, so they contribute to a higher weight of cost. This means that travelling with family,
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friends or partner gives a higher weight to cost than travelling alone. For the interaction between the
travel company and perceived risk, again, four parameters are estimated. Again only ’other’ is not sig-
nificant, which does not give information anyhow. All the other levels are significant, and all have a
negative signs. This is in line with reasoning, with people perceiving risk as higher when not travelling
alone (source) but with family, friends or partner.

• Travel purpose: Four extra parameters are estimated for the interaction between the purpose (reason)
of travelling and cost. All parameters are insignificant except for the interaction with ’travelling for
work’ (in comparison to travelling for leisure). This parameter has a positive sign; hence a lower weight
can be found for people that are travelling for work in comparison to the reference. This makes sense as
the VoT values for business are higher than for leisure (KiM, 2016). For the interaction between travel
purpose and time again, four extra parameters are estimated. All parameters are again insignificant
except for ’travelling for work’. In line with expectation, this parameter is negative, so a higher weight
to travel time (more negative value) can be found when people travel for work.

• Travel frequency: Travel frequency interacts with perceived risk; therefore, three extra parameters are
estimated. All parameters are significant. A counter-intuitive outcome is that people travelling 1 to 3
times per year have a bigger weight to perceived risk than people who do not travel at all. Partly this can
be explained that a huge part of the sample chooses to travel 1 to 3 times per year. However, if people
are travelling, perceived risk is likely to decrease.

• Mode preference and ASC for plane and train: The interaction between mode preference and the ASC
for plane, train and car contributes to nine extra parameters. The base level of the dummy variables
is bus. All parameters are significant except for the interaction of respondents having a preference for
car with the ASC of plane and respondents that have a preference for train with the ASC of plane. All
parameters do have the expected sign. Respondents that stated to prefer car have a positive weight
to the ASC of car and a negative weight to the ASC of train. Respondents that have a preference for
train have negative weight to the ASC of plane and train and positive to train. Respondents that have
a preference for plane have a strong positive weight to the ASC of plane and a negative weight for both
the ASC of train and car.

Model with all interaction included
In order to get to the model final model with only significant parameters and interactions, first, all significant
interactions of the separate models are added into one ’big’ model. Then a stepwise backwards elimination
is used. The elimination steps to get to the final model is discussed. All parameter value tables can be found
in Appendix C:

• All significant interactions included: All of the interactions are included with the base model. ρ2 is
0.219. Final log-likelihood = -7820.572, compared to null log-likelihood of -10010.56. Not all parameters
are significant. There are 47 parameters in total.

• Elimination 1: First all parameters with a p-value of 0.3 and higher are deleted. In total, 14 parameters
have been removed, so there remain 33 parameters. Some other parameters now also do not turn out
to be significant. ρ2 slightly decreased to 0.218. The final log-likelihood decreased slightly to -7825.372,
but this is always a consequence of removing parameters.

• Elimination 2: Now all parameters with a p-value of 0.1, 0.2 and higher are deleted. Only one parameter
has been deleted, so there remain still 32 parameters. The ρ2 remains the same with a value of 0.218.
The final log-likelihood decreased by less the 1 to -7826.299.

• Elimination 3: Then all parameters with a p-value of 0.05 or higher are removed. Again two parameters
have been removed, so there are 30 parameters. ρ2 is 0.218, final LL -7828.69.

• Elimination 4: Some parameters became insignificant on the 5% level; these parameters are removed.
One parameter is removed. So in total, 29 parameters. ρ2 is 0.218, final LL -7830.035.

• Elimination 5: Some parameters became insignificant on the 5% level; these parameters are removed.
At last, two parameters are removed. In total, there remained 27 parameters. The final ρ2 is 0.218. The
final log-likelihood -7831.553. All parameters are significant on the 5% level.
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• Final model 6: The preference for car is also added to the utility function of car. This gives in total three
extra parameters. So as a consequence, there are now 30 parameters. ρ2 increased to 0.24! Final LL is
-7605.543. However, some parameters turn now out to be insignificant.

• Final model: The parameters 4_7 and 8_MORE are not significantly different from each other, as both
values are very similar and the standard error captures the value of the other parameter. Therefore
these variables are combined. Some parameters were not significant now, and are removed. There are
25 parameters, and this is the final model. ρ2 is still 0.24. Final LL sightly decreased to -7606.821.

6.2.4. Results MNL model
The results of the different MNL models are presented in the table 6.8. It may be deduced from the findings
that all parameters have the expected sign. All remaining parameters are significant at the 5 percent level,
since all insignificant parameters have been eliminated. As a result of including the interaction between risk
and time, there is no separate risk parameter. The time parameter is different for train and car. However, the
time parameter for planes has become insignificant and is thus removed from the model.

Table 6.8: Base model, base model with main attribute interactions & final model

Model Base model Main interaction Final model
Parameter Value t p-value Value t p-value Value t p-value
ASC_PLANE -0.359 -5.3 1.16e-07 -1.51 -11.3 0 -2.23 -14.1 0
ASC_TRAIN 0.35 6.4 1.53e-10 -0.197 -2.52 0.0118 -0.414 -4.16 3.15e-05
B_COMFORT 0.281 8.7 0 0.281 8.3 0 0.346 10.4 0
B_COST -0.00306 -21.2 0 -0.00326 -23 0 -0.00973 -8.02 1.11e-15
B_TIME -0.167 -26.5 0
B_RISK -0.22 -22 0
B_TIME_C -0.168 -23.1 0 -0.194 -24.8 0
B_TIME_T -0.0991 -9.42 0 -0.114 -10.1 0
B_TIME_RISK_P -0.0437 -9.9 0 -0.011 -3.55 0.000392
B_TIME_RISK_T -0.039 -17.1 0 -0.0107 -4.32 1.57e-05
B_GENDER_PR -0.0217 -10.5 0
B_EDU_HBO_PR -0.0142 -4.26 2.05e-05
B_EDU_WO_PR -0.0237 -6.63 3.27e-11
B_EDU_OTHER_PR -0.018 -4.99 6.05e-07
B_AGE_COST_20_40 0.00325 2.6 0.00932
B_AGE_COST_40_65 0.0064 5.18 2.23e-07
B_AGE_COST_65_AND_OLDER 0.00723 5.88 4.17e-09
B_PAYMENT_WORKEDU_COST 0.00223 3.18 0.00146
B_COMPANY_PR_FRIENDS -0.00746 -2.62 0.00878
B_COMPANY_PR_OTHER 0.0197 4.06 4.86e-05
B_PURPOSE_WORK_TIME -0.0596 -3.98 6.82e-05
B_PREF_CAR_C 0.496 6.3 2.97e-10
B_PREF_CAR_T -0.268 -3.33 0.000881
B_PREF_PLANE_P 1.04 14.5 0
B_PREF_TRAIN_C -0.184 -2.43 0.0152
B_PREF_TRAIN_T 0.404 5.49 3.99e-08
ρ2 0.126 0.133 0.24

6.2.5. Comparison of all models
The comparison of the different estimated models can be found in 6.9. The difference between the base
model and the base model with the main interaction is not very big. After including all significant socio-
demographic and travel behaviour interactions, there is a huge decrease in log-likelihood and thus a huge
increase in ρ2.

Table 6.9: Comparison of models

Model Parameters ρ2 ρ2-bar Initial log-likelihood Final log-likelihood
Base 6 0.126 0.126 -10010.56 -8745.12
Base interaction 8 0.133 0.132 -10010.56 -8682.56
Final MNL 25 0.24 0.238 -10010.56 -7606.82

The likelihood ratio statistic (LRS) test is only useful when a more complicated model B can be obtained by
constraining model A. This is the case with these three models. The calculation of both LRS values can be
found in the following equations.
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LRS =−2∗ (LLM N Lbase −LLM N Lbasei nter acti on =−2∗ (−8745.12+8682.56) = 125.12 (6.1)

The χ2 value for adding two parameters is 7.378 for the 5% significance level and 9.210 for the 1% significance
level. This means that the probability that the ’MNL base interaction’ model fits better than the ’MNL base’
by coincidence is less than 1%. So it can be concluded that this model is the better fitting model. However,
when all the different interactions are included, this gives the following value.

LRS =−2∗ (LLM N Lbasei nter acti on −LLM N L f i nal =−2∗ (−8682.56+7606.82) = 2151.48 (6.2)

Theχ2 value for adding 17 parameters is 30.191 for the 5% significance level and 33.409 for the 1% significance
level. Therefore the addition of the extra parameters (interactions) is justified.

6.2.6. Contribution to utility main variables & interactions
The final model has been established, so the final parameter estimations have been determined. The range
of the contribution of the main variables is represented in table 6.10. Moreover, there are several graphs to
visualise the contribution of socio-demographic and travel behaviour interaction with the main attributes.

Table 6.10: Utility contribution of parameters

Parameter Min. value Max. value Min. Utility contribution Max. utility contribution
Travel cost train €30 €350 -0.2919 -3.4055
Travel cost plane €50 €400 -0.4865 -3.892
Travel cost car €80 €200 -0.7784 -1.946
Travel time train 3h 12h -0.342 -1.368
Travel time car 4.5h 16h -0.873 -3.104
Travel comfort train 2nd class 1st class 0 0.346
Travel comfort plane Economy Business 0 0.346
Perceived risk train (dependent on time) PR = 1 & TT = 3h PR = 5 & TT = 12h -0.0321 -0.642
Perceived risk plane (dependent on time) PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -0.33
Interaction gender on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -1.962
Interaction HBO education level on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -1.512
Interaction WO education level on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -2.082
Interaction ’other’ education level on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -1.74
Interaction age 20 to 40 years on travel cost €30 €400 -0.2919 -2.592
Interaction age 40 to 65 years on travel cost €30 €400 -0.2919 -1.332
Interaction age 65 years and older on travel cost €30 €400 -0.2919 -1
Interaction work or education pays for trip on travel cost €30 €400 -0.2919 -3
Interaction traveling with friends on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 -1.1076
Interaction traveling with ’other’ on perceived risk PR = 1 & TT = 3h PR = 5 & TT = 12h -0.033 0.522
Interaction traveling for work on travel time 3h 16h -0.342 -4.0576
Effects of car preference on ASC car 0 1 0 0.496
Effects of car preference on ASC train 0 1 0 -0.268
Effects of plane preference on ASC plane 0 1 0 1.04
Effects of train preference on ASC car 0 1 0 -0.184
Effects of train preference on ASC train 0 1 0 0.404
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Travel cost
Travel cost is generic for all modes with a parameter value of -0.00973. For travel cost, the only two interac-
tions that turned out to be significant were ’age’ and ’payment by education or work’, see graph 6.1. All levels
of age are significant. The base is younger than 20 years old. For every increase in age (group), the contribu-
tion to utility is bigger. Being at the ’age of 20 to 40 years has a positive contribution of 0.00325 utility points,
so for this group, the travel cost parameter becomes −0.00973+0.00325 = −0.00648. For ’40 to 65 year’ the
positive utility contribution is 0.0064 utility points, so the parameter becomes −0.00973+0.0064 =−0,00333.
For the last group, ’65 years and older, the positive utility contribution is 0.00723, so the cost parameter for
this group becomes −0.00973+0.00723 =−0,00250. If the trip is paid by the educational institution or work,
the contribution is 0.00223, which is lower than all age interactions. The parameter for travel cost becomes
−0.00973+0.00223 =−0.00750.

Figure 6.1: Graph with utility contribution of travel cost
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Travel comfort
Comfort does have a positive contribution of 0.346. As this parameter did not have significant interactions,
no relationships with socio-demographic and travel behaviour variables are found. No difference is made
between train and plane, so the contribution from 2nd / economy class to 1st / business class is always 0.346
utility points, see graph 6.2.

Figure 6.2: Graph with utility contribution of travel comfort
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Travel time
Both travel time parameters are different for car and for train. The parameter for car is more negative than for
train, with a value of -0.194. The value of train is -0.114. Respondents perceive time more negative in the car,
than on the train. This makes sense as time in car is often perceived more negative than for train (KiM, 2020).
The parameter of travel time for plane is not significant. This means that within this sample, respondents are
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indifferent to travel time when travelling by plane. The only significant interaction with time is travel purpose
work. This interaction contributes to a more negative time parameter by -0.0596 utility points for every extra
hour of travel time for both plane and car. The parameter for car becomes −0.194−0.0596 =−0.253. For train
it becomes −0.114−0.0596 =−0.1736, see graph 6.3.

Figure 6.3: Graph with utility contribution on travel time
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Perceived risk dependent of time
The main effect for this parameter is already an interaction between perceived risk and time. So all param-
eters are for every risk level and for every hour of travel. The parameters are almost identical; the value for
plane is -0.011 and for train -0.0107. As both values are almost identical, only the value of plane is used from
now on. Due to the late discovery of this small change, it is chosen not to change the estimation again, as
all parameters would (slightly) be different. Gender, education, and travelling with friends turned out sig-
nificant. The utility contribution of gender is negative, with a value of -0.0217. Therefore the parameter
for men is the same as the base parameters; for women, it becomes −0.011− 0.0217 = −0.0327. Education
level ’MBO or lower’ is again the base. HBO and WO both contribute to extra perceived risk, WO has the
highest contribution of the two. The parameter for HBO becomes −0.011− 0.0142 = −0.0252 and for WO
−0.011−0.0237 =−0.0347. The last interaction is about travel company; travelling alone is the base, and trav-
elling with friends gives the following parameter −0.011−0.0237 =−0.01846, see graph 6.4

Figure 6.4: Graph with utility contribution of perceived risk
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Figure 6.5: Graph with utility contribution of gender interaction with perceived risk, perceived risk level = 3
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Figure 6.6: Graph with utility contribution of different interactions, perceived risk level = 3
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6.2.7. Interpretation of parameters
The interpretation of the parameters provides insightful information on choice behaviour. Because of the
different interactions, there is a huge amount of combinations possible, that changes the parameters and as
a consequence, the interpretation as well. In order to keep the interpretation understandable, the ’average
respondent’ is used.

Average respondent
Several interactions contribute to the different main parameters. It is highlighted that the WtP for perceived
risk, particularly in terms of travel costs, can vary significantly across people of varied ages, payment, edu-
cation level and travel companies, and possibly other unobserved background variables not represented in
this study. Including all of these different combinations would lead to a dramatic increase in Value-of-Time
(VoT) and WtP values. The average respondent is based on the average (and when not possible) on the most
common value. Therefore; these are the following assumptions:

• Age: The average value found of the sample for age is ’1.9’; this is the consequence of the coding used.
Younger than 20 years is coded as 0, 20-40 years is coded as 1, 40-65 years is coded as 2, and 65 years and
older as 3. The value of 1.9 is thus 20 + 0.9*(40-20)=38. So this corresponds to an age of 38. Therefore
the average respondent is 38 years old.

• Education level: The average value found for the sample is 1.05. MBO or lower is coded as 0, HBO is
coded as 1, and WO is coded as 2. Therefore the value is very close (just above) to HBO. For this reason,
HBO is used as the education level.

• Gender: Results are shown for both. Both genders are about 50% of the sample, so both genders are
taken into account. At the same time, gender has the highest (absolute) contribution to perceived risk.
Gerhold (2020) also found that women perceive risk (in regard to COVID-19) higher than men.

• Trip purpose: Leisure. An average for this value is not possible, as the levels are nominal. Most of the
respondents gave the answer leisure (69%, see chapter 5).

• Payment: Payment is nominal as well. Almost 90% of the respondents gave this answer; therefore,
payment is made by the respondent itself.

• Travel company: Also nominal. Only the interaction effect with friends is significant. It is assumed that
respondents travel alone; the effect with friends is unimportant for this research.

Table 6.11: The average respondent

Average respondent
Age 38
Education HBO
Gender Men & women
Trip purpose Leisure
Payment Self
Travel company Alone

Alternative specific constant
The Alternative Specific Constant (ASC) is the utility when all attributes have a value of zero. As a result, they
perform a similar function to the constant in a regression model, which likewise captures the average effect
if all of the factors are not included (Berkeley, 2002). In this case, travel time and travel cost would be zero;
this is not possible for alternatives in real world situations. For this main choice experiment, the ASC of the
car is set to zero. The ASC can also be interpreted as the preference respondents have for a certain mode, but
this preference is not captured in the parameters. All of the interaction effects are included in figure 6.7. The
ASC for plane is -2.23 and for train -0.414. This means that respondents do prefer the car over train and plane
(if all parameters are zero). Train is again preferred over plane. If the interaction on the preference stated
by the respondents is taken into account, the following conclusions can be taken. Respondents that stated
to have plane as their preferred mode have 1.04 positive utility points, and therefore the ASC for plane for
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them becomes less negative. The parameter becomes −2.23+1.04 =−1.19 (shown in purple for ASC plane).
No significant relationship with respondents preferring plane on the ASC of train and car can be found (so
the ASC stays 0 for car and -0.414 for train, also shown in purple). Respondents that do prefer car have a
positive contribution to the utility of car with 0.496 (so this parameter becomes 0.496, shown in red for ASC
car), and a negative contribution to the ASC of train with about half of the utility points with a value of -
0.268, so this parameter becomes then −0.414−0.268 = −0.682 (shown in red for ASC train). No significant
parameter was found on the ASC of the plane, hence the ASC for plane stays -2.23 (shown in red for ASC
plane). Respondents that stated to prefer train have a positive contribution on the ASC of train with 0.404
utility points (so this parameter becomes −0.414+0.404 =−0.01, shown in green for ASC train). For ASC car,
a negative contribution is found with only -0.184 utility points (so becomes -0.184, shown in green for ASC
car). No relation on the ASC for plane is significant, so the ASC of plane stays -2.23 (shown in green for ASC
plane). People that stated to prefer bus, all have the base utilities from the different ASC’s, all shown in blue.
This means ASC car stays 0, ASC train stays -0.414 and the ASC of plane stays -2.23.

Figure 6.7: Interaction effect on ASC for different mode preferences
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Trade-off perceived risk and travel cost: value of risk (VoR)
The value of risk (VoR) for one level decrease in perceived risk is stated in the equation below.

V oRi n tr avel cost =
δU
δPR
δU
δT C

(6.3)

Value of Risk (Willingness to pay for decrease in perceived risk) in terms of travel cost can be calculated with
equation 6.4. Note that the values are for every hour travel time and for every level of risk.

V oR =
βT T∗PR +βg ender ∗ g ender +βHBO ∗HBO +βW O ∗W O +βcompany f r i end s ∗ f r i end s

βTC +βag e20−40 ∗ Ag e20−40 +βag e40−65 ∗ Ag e40−65 +βag e>65 ∗ Ag e>65 +βpayeduwor k ∗Payedu−wor k
(6.4)

Using the average respondent values, the VoR values is calculated in equation 6.5 & 6.6.

V oRmen = −0.011−0.142

−0.00973+0.00325
= 3.89 eur o (6.5)

V oRwomen = −0.011−0.142−0.0217

−0.00973+0.00325
= 7.24 eur o (6.6)

From the calculation, it can be found that the VoR for a level in decrease of perceived risk for every hour is
€3.89 for men. This value is close to an earlier research from van de Wiel (2021); in this research a value of €4.64
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was found. However in this research, no distinction was made between men and women. For 3 hours of travel
time, men are willing to pay €11.67 euro for every decrease in the level of risk. This is three times €3.89. The
interaction between perceived risk and gender is significant. This results in a value for women that is (almost)
double with €7.24. For a trip of 3 hours, this becomes then €21.71. There are no quadratic components
specified; hence both perceived risk and travel time have a linear contribution. Therefore all of the values
are multiplication of perceived risk and travel time. As a consequence the VoR value is the same for every
decrease in risk level and every increase in travel time. Again, a different combination of socio-demographic
and travel behaviour interactions would lead to different VoR values. The resulting VoR difference between
men and women is in line with earlier research (Gustafsod, 1998; Finucane et al., 2000). These papers found
significant difference between gender in risk perception. Moreover, Gerhold (2020) found that women have
on average 1.5 times higher fear for risk than men; in this research the effect is almost double. The VoR values
can be found in figure 6.8.

Figure 6.8: Value of perceived risk in terms of travel cost
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Trade-off perceived risk and travel comfort
The value of risk in terms of travel comfort can be calculated with formula 6.8. The results show that men are
willing to give up 0.072 comfort points for every hour of travel time to reduce one level of perceived risk, and
women 0.134 comfort points for every hour of travel time to reduce one level of perceived risk. The VoR in
comfort for every risk level is shown in figure 6.9.

V oRi n tr avel com f or t =
δU
δPR
δU
δC F

(6.7)

V oRi n com f or t =
βT T∗PR +βg ender ∗ g ender +βHBO ∗HBO +βW O ∗W O +βcompany f r i end s ∗ f r i end s

βC F ∗ com f or t
(6.8)

V oRi n com f or t ,men = −0.011−0.142

0.346
= 0.072 (6.9)

V oRi n com f or t ,women = −0.011−0.142−0.0217

0.346
= 0.134 (6.10)

The trade-off (TO) for a full reduction/increase in class, this means one full comfort ’point’ (so 1st class
←→ 2nd class or business ←→ economy) is calculated with equation 6.11. Economy/2nd class is coded as
0, business/1st class is coded is 1.

T Omen = 1−0

0.072
∗PR, T Owomen = 1−0

0.134
∗PR (6.11)
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Figure 6.9: Value of perceived risk in terms of travel comfort
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The results for the different perceived risk levels are shown in table 6.12. For every different risk level, this
table shows the trade-off in travel time to one full comfort class difference. The results show that for low
levels of perceived risk, travel comfort is ’worth’ a substantial hours of travel time. When perceived risk is
very high (e.g. 5), for men a full difference in travel class is ’worth’ only 2 hours en 47 minutes; for women
this is 1 hour and 29 minutes. Moreover, the difference between levels is of importance as well (as this is
possible in real life). To illustrate this; for a reduction from 5 to 1 in level of perceived risk; 1

0.36−0.072 = 3.47

hours of travelling for men. For women this is 1
0.670−0.134 = 1.87 hours of travelling for women. For every

hour, a decrease in risk from 5 → 1, is (0.072∗5)− (0.072∗1) = 0.288 comfort points. For women this value is
(0.134∗5)− (0.134∗1) = 0.536 comfort points. For longer travel times, the value is equivalent to 0.288 times
the amount of hours travelled for men; for women 0.536 times the amount of hours travelled.

Table 6.12: Trade off comfort travel time

Men Women
PR level Comfort [points] TT [hours] PR level Comfort [points] TT [hours]
1 0.072 13.889 1 0.134 7.463
2 0.144 6.944 2 0.268 3.731
3 0.216 4.630 3 0.402 2.488
4 0.288 3.472 4 0.536 1.866
5 0.36 2.778 5 0.670 1.493

Value of time (VoT)
The value of time in transportation (economics) is the potential cost of the time that a passenger spends on
their route. In essence, this is the amount a passenger is ready to pay to save time, or the amount they would
take as compensation for lost time. The amount of time that passengers save is one of the key justifications for
transportation upgrades (Kouwenhoven et al., 2014). The economic advantages of a transportation project
may be defined using a set of temporal values and compared to the expenses (thus forming the basis of cost-
benefit analysis). Travel time savings (or increases) in particular are part of the shift in consumer surplus for
a transportation investment. The Value-of-Time equation for both train and car is shown in equation 6.13.
The calculation are shown in equation 6.14 & 6.15. The VoT for train has a value of €17.59 for train and €29.94
for car.

V oT =
δU
δT T
δU
δTC

(6.12)

VoTtr ai n/car = βT Ttr ai n/car +βtr avel pur pose∗wor k

βT C+βag e20−40∗Ag e20−40+βag e40−65∗Ag e40−65+βag e>65∗Ag e>65+βpayeduwor k
∗Payedu−wor k

(6.13)

V oTtr ai n = −0.1140

−0.0097+0.0033
= 17.59 eur o/hour (6.14)
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V oTcar = −0.194

−0.0097+0.0033
= 29.94 eur o/hour (6.15)

The different VoT values found for this thesis in comparison to other studies is shown in table 6.13. The fact
that car has a higher VoT is in line with KiM Netherlands Institute for Transport Policy Analysis (KiM, 2020).
The parameter of time for plane is not significant; hence, no VoT can be specified for plane. In this study, the
VoT for car is just over 2 euros more. For Kouwenhoven et al. (2014) there is a very small difference found
between the modes. Shires and De Jong (2009) did not find differences in VoT for train and car. It must be
noted that both KiM (2020) and Kouwenhoven et al. (2014) focused on short distance travel, while Shires and
De Jong (2009) focused on long-distance travel. For this thesis, a possible reason for the fact that travel time
in train gets a lower weight than for car (for long-distance travel), is that in the train people are able to move,
have a drink or food and entertain themselves. This is a possible reason that travel time in train is perceived
less negative. However, this is not confirmed in literature. The values are a bit higher than the values found
by KiM, this is a consequence of long-distance travel. Shires and De Jong (2009) confirmed with their study
"An international meta-analysis of values of travel time savings" that the VoT for long-distance travel is higher
than for short distance (Shires and De Jong, 2009). Moreover, in a study done by Börjesson and Eliasson (2014,
VoT values for long-distance trips were found to be twice as high in comparison to short distance. Actually,
the average value of both train and car is very close to the value found by Shires and De Jong (2009), €23.77 to
€24.00, see table 6.13.

Table 6.13: VoT results of different studies

This thesis KiM (2020) Van Kouwenhoven (2014) Shires and De Jong, (2009)
VoT Train 17.59 13.22 9.25

24.00
VoT Car 29.94 15.58 9.00
Average 23.77 14.40 9.13 24.00

WtP for comfort
The equation for Willingness to pay for comfort for both train and plane can be found in equation 6.17. The
calculation is shown in equation 6.18.

W tPcom f or t =
δU
δC F
δU
δT C

(6.16)

WtPcom f or t = βcom f or t∗com f or t
βTC+βag e20−40∗Ag e20−40+βag e40−65∗Ag e40−65+βag e>65∗Ag e>65+βpayeduwor k

∗Payedu−wor k
(6.17)

W tPcom f or t =
0.346

−0.0097+0.0033
= 53.40 eur os (6.18)

The result show the willingness to pay for an upgrade in class (so 2nd class → 1st class or economy → busi-
ness) is €53.40. No mode-specific β turned out to be significant, so there is no distinction between classes in
train and plane. Balcombe et al. (2009) found a value of about €120, but they agreed that this value is on the
high side. A big amount of the passengers travelling in business or 1st class is flying for business purposes
(BusinessAM, 2020). It is therefore of interest to show the willingness to pay for business/educational trav-
ellers (respondents who’s trip is payed by company of educational institution), the value is shown in equation
6.19.

W tPcom f or t ,eduwor k = 0.346

−0.0097+0.0033+0.00222
= 81.22 eur os (6.19)

This shows that the WtP for an upgrade is substantially higher, with a value of €81.22. On the other hand, most
of the time, the difference in fare between economy class and business class is often higher (KLM, 2022). For
example a return ticket with KLM for Amsterdam-London route from 6th to 9th September 2022 costs in
economy €131 and €418 in business class, which is difference of €287 (KLM, 2022). Travelling by Eurostar on
the same dates costs €164 in 2nd class and €227 in 1st class, so a difference of €64 (NS, 2022). The results
implicate that the difference in class is about of the same order size as the WtP for comfort in this thesis. For
KLM however, the implication might be to make business class cheaper in order to attract more passengers.
Of course these as just examples, but it shows that for the train WtP values are plausible.
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6.2.8. Combination results of both experiments
Now that both the perceived risk rating experiment and the main (mode) choice experiment have been es-
timated, it is possible to estimate the outcomes of both. In the rating experiment, perceived risk was the
dependent variable, but in the main (mode) choice experiment, it was the independent variable. For the
rating experiment, gender and education level had a positive contribution to perceived risk. This gives ’face
validity as in the main choice experiment, gender and education both had a negative contribution on utility
when interacting with perceived risk. Furthermore, an income of €20.000 to €40.000 and €40.000 to €100.000
contributed to perceived risk and age 20 to 40 years had a negative contribution. In the main choice, per-
ceived risk is dependent on time.

Using the (absolute) linear regression coefficients of the perceived risk rating experiment, both experiments
can be integrated. Then these values are combined with the WtP values that are just calculated. Because
of the dummy coding, all different dummy variables have an independent contribution to the value of per-
ceived risk. No interactions were taken into account within the regression analysis. For example the WtP for a
decrease in load factor from 50% to 25% gives the following WtP values: W tPmen, LF 50%→25% = 15.08−7.54 =
€7.54 for a travel time of 12 hours for men; W tPwomen, LF 50%→25% = 28.07−14.04 = €14.03. This difference is
due to the significant interaction between gender and perceived risk. In table 6.14, the WtP values in mon-
etary terms can be found for each of the perceived risk rating attributes. Again, as there are no quadratic
components, the increased WtP values are always linear by increasing the level of perceived risk and hours
of travel time. So the difference between every increase in travel time (e.g., from 3 hours to 6 hours, or from
9 hours to 12 hours) is always €11.67 for men and €21.71 for women. This can be found in the first rows of
the table. The rest of the table corresponds to the different (significant) factors from the perceived risk rat-
ing experiment. It must be noted that a negative value of the risk factor does mean it decreases perceived
risk, and a positive value of the risk factor means a positive contribution to perceived risk. The table can be
interpreted in different ways. The values in the table show the WtP values of the different risk factors in re-
lation to a decrease in the level of risk by one for the mentioned travel time in the column. To calculate the
WtP values for differences between levels of the risk factors, the difference of the coefficients from the linear
regression model has to be multiplied by the hours of travel time and the perceived risk level. For example
WtP for a decrease from 100% load factor to 50% load factor when traveling 6 hours with a perceived risk level
of 3 gives: WtP = 3.889 * 6 * 3 * (0.646 – 0.485) = €22.63. For women this WtP would be WtP = 7,2376 * 6 * 3 *
(0.646 – 0.485) = €42.11. So that is almost double the value of men. The same values could be derived from
the table by using the parameter for load factor for 6 hours and multiplying this by 3 (for perceived risk level
of 3), so WtP = 7.54 * 3 = €22.62. It does not make sense for all risk factors to calculate the WtP for differences
in levels simply because these factors can not be affected. For example, the number of infections cannot be
changed in a moment. But in this case, it is worth looking at the table the other way around. So, for example;
with 10.000 infections per day. the WtP for women to reduce 1 level of risk when travelling for 12 hours would
be €21.90; for men this value is €11.76. When there are 100.000 infections per day, women are willing to pay
even €42.96 for a travel of 12 hours; men €23.09. All the positive parameters from the perceived risk rating
experiment lead to a positive WtP; hence for a decrease in level of perceived risk, so people are ’willing’ to pay
more for a level of decrease in risk when this factor is there. An example is red travel advice. In comparison to
the base (no travel advice), men are willing to pay €32.74 for a decrease in level of risk when travelling for 12
hours; women €60.93. If men are travelling for only 6 hours, this value is half of the 12-hour value, so €16.37;
for women, €30.47.

Lastly, there are also some socio-demographic variables. They were added to the regression model as separate
variables. The WtP values are for HBO educated people, and only the second part is women. Therefore, the
part of gender for men is empty in the table. Being a woman leads to an additional WtP for 1 decrease in the
level of perceived risk of €1.92 when travelling 3 hours. Moreover, having an income of €40.000 and €100.000
as a woman leads to an additional WtP for 1 decrease in level of perceived risk of €1.92 when travelling 3 hours.
So the interpretation of the table can be two-sided. On the one hand, the WtP for an increase or decrease of
the different risk attributes from the rating experiment can be calculated. On the other hand, given a certain
risk attribute level, the WtP for a decrease in level of risk can be calculated (for each different travel time).
Note that negative values of WtP values, in this case, has to be interpreted as follows. An example: if there is a
vaccination rate of 70%, a man that is travelling for 3 hours would be willing to pay €10.63 less for a decrease
of 1 risk level, compared to a vaccination rate of 0%. It can be concluded that the highest values for the WtP
can be found for red travel advice and load factor for the longest travel time of 12 hours, this is €32.74 for men;
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even €60.93 for women. For a load factor of 100%, this value is €56.15 for women; for men, it is €30.17. At last,
infections are an important factor as well.

Table 6.14: WtP values for the different risk factors

Men Women
PR level difference ∆level =−1 ∆l evel =−1
Travel time 3 6 9 12 3 6 9 12
Value e11.67 e23.33 e35.00 e46.67 e21.71 e43.43 e65.14 e86.85

Travel advice Red travel advice 0.702 e8.18 e16.37 e24.55 e32.74 e15.23 e30.47 e45.70 e60.93
Vaccination rate Parameter -0.007 e-0.08 e-0.15 e-0.23 e-0.30 e-0.14 e-0.28 e-0.42 e-0.57

15 -0.098 e-1.14 e-2.28 e-3.42 e-4.55 e-2.12 e-4.24 e-6.36 e-8.48
30 -0.195 e-2.28 e-4.55 e-6.83 e-9.11 e-4.24 e-8.48 e-12.72 e-16.95
70 -0.455 e-5.31 e-10.63 e-15.94 e-21.26 e-9.89 e-19.78 e-29.67 e-39.56
90 -0.586 e-6.83 e-13.66 e-20.50 e-27.33 e-12.72 e-25.43 e-38.15 e-50.86

Load factor Parameter 0.006 e0.08 e0.15 e0.23 e0.30 e0.14 e0.28 e0.42 e0.56
25 0.162 e1.89 e3.77 e5.66 e7.54 e3.51 e7.02 e10.53 e14.04
50 0.323 e3.77 e7.54 e11.31 e15.08 e7.02 e14.04 e21.06 e28.07
75 0.485 e5.66 e11.31 e16.97 e22.63 e10.53 e21.06 e31.58 e42.11
100 0.646 e7.54 e15.08 e22.63 e30.17 e14.04 e28.07 e42.11 e56.15

Infection rate 10.000 infections per day 0.252 e2.94 e5.88 e8.82 e11.76 e5.47 e10.95 e16.42 e21.90
25.000 infections per day 0.123 e1.44 e2.88 e4.32 e5.76 e2.68 e5.36 e8.04 e10.72
100.000 infections per day 0.495 e5.77 e11.54 e17.31 e23.09 e10.74 e21.48 e32.22 e42.96

Air conditioning Only ventilation -0.405 e-4.72 e-9.44 e-14.17 e-18.89 e-8.79 e-17.58 e-26.36 e-35.15
Airco no HEPA -0.198 e-2.31 e-4.62 e-6.92 e-9.23 e-4.29 e-8.59 e-12.88 e-17.18
Airco with HEPA -0.289 e-3.38 e-6.75 e-10.13 e-13.51 e-6.28 e-12.57 e-18.85 -25.14

Travel requirements 3G-policy 0.144 e1.68 e3.36 e5.03 e6.71 e3.12 e6.25 e9.37 e12.49
2G+-policy -0.272 e-3.17 e-6.35 e-9.52 e-12.70 e-5.91 e-11.81 e-17.72 e-23.63

Face mask policy Any face mask -0.268 e-3.12 e-6.24 e-9.37 e-12.49 e-5.81 e-11.62 e-17.43 -23.25
At least FFP2 -0.140 e-1.64 e-3.27 e-4.91 e-6.55 e-3.05 e-6.09 e-9.14 e-12.18
Socio-demographic

Gender Women 0.088 inapplicable e1.92 e3.83 e5.75 e7.66
Education HBO 0.137 e1.60 e3.21 e4.81 e6.41 e2.98 e5.97 e8.95 e11.94
Income class Income €20.000 to €40.000 0.112 e1.31 e2.62 e3.92 e5.23 e2.43 e4.87 e7.30 e9.74

Income €40.000 to €100.000 0.168 e1.96 e3.92 e5.88 e7.85 e3.65 e7.30 e10.95 e14.60
Age Age 20 to 40 years -0.095 e-1.11 e-2.22 e-3.32 e-4.43 e-2.06 e-4.12 e-6.18 e-8.25
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6.3. Summary
Main points of chapter

• The largest contributor to perceived risk is red travel advice, together with a 100% load factor.

• The largest contributor to decreasing perceived risk is a vaccination rate of 90%. Also, ventilation has a
large contribution to decreasing risk.

• Cleaning is not important for decreasing perceived risk

• ’Having any mask’ is more important than ’at least an FFP2 mask’ needed.

• The WtP for 1 level of decrease in perceived risk for every hour of travel time is €3.89 for men and €7.24
for women

• ASC plane and ASC train are both negative, so car is more preferred.

• Beta comfort is positive, beta time and beta cost are both negative. Travel time is more negative for car
than for train. For plane, time is insignificant.

• Perceived risk is significant as an interaction with time. This means that for longer travel times, COVID-
19 risk is perceived higher. Perceived risk is also negative and different for train and plan; however, there
is a very small difference see table 6.8.

• Several interactions are significant with perceived, also on the ASCs and travel cost.

• A preference for car has a positive contribution to the ASC of car and a small negative contribution to
train. A preference for train has a small negative contribution on the ASC of car and a positive contri-
bution to the ASC of train. A preference for plane has a positive contribution to the ASC of plane.

• For travel time, only purpose work is significant. Respondents that travel for work are more sensitive to
travel time.

• For travel cost, both age and payment by work or educational institution are significant. Higher age
results in less weight to travel cost, the same counts if the trip is payed by work the educational institu-
tion.

• For perceived risk, educational level and gender are significant. Having at least HBO or WO education
(in comparison to MBO) results in more weight to perceived risk. Women have a higher weight to
perceived risk as well.

This chapter analysed the data collected from the survey. For perceived risk rating experiment, the largest
contributor to perceived risk is red travel advice. However, the other levels yellow and orange travel advice
do not contribute to perceived risk. Moreover, a high load factor leads to a high contribution to perceived
risk. Almost the same (but opposite) effect can be found for vaccination rate, with a high contribution to
decreased perceived risk. Furthermore, the same but opposite effects can be found for 100.000 infections per
day and only ventilation. Actually, only ventilation is more important than having air conditioning with HEPA
filters. Probably, this is a consequence of the measures that were taken by the government, with a huge focus
on ventilation. Three discrete choice models were estimated for the main choice experiment. It was chosen
to only use the MNL model. The model, including all significant interactions, increased the ρ2 from 0.126 to
0.24. This means 24% of the variance is explained by the model. Risk perception is almost the same for train
as for plane. With the combination of both models, the WtP values for a decrease in level of risk are calculated.
The VoR is €3.89 for men and €7.24 for women, which is based on the average respondent. The marginal WtP
values vary from is €3.89 for men and €7.24 for women for 1 hour of travel to €46.67 for men and €86.85 for
women for a 12-hour journey. The WtP in comfort points for perceived risk is for men 0.072 per hour; for
women this is 0.134 per hour. People are WtP most when given a red travel advice, also a high load factor and
very high infection rate (100.000 positive tests per day) are important. Also the VoT is calculated, with a value
of €17.59 per hour for car; for train this is €29.94. The WtP for comfort is calculated as well, this value is €53.40
for an increase in travel class. When work or the educational institution pays, this value increases to €81.22.
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7
Influence perceived risk on market share

Table 7.1: The average respondent

Age 38
Education HBO
Gender Men & women
Trip purpose Leisure
Travel company Alone

This research takes a broad approach to long-distance travel within Europe.
To give an example of what the influence is on modal split, it is chosen to go
for three different routes. First, a short route that is popular by train is used,
this is the Amsterdam - London route. At the same time, the plane and car
options are viable and popular as well. The second route is Amsterdam -
Berlin. This route has all three modes as viable options as well. At third,
a longer route is chosen to see the difference between a short and longer
routes. In order to look at the influence of perceived risk on the modal split,
real-world values for travel time, travel cost and comfort are being used for
these routes. Then, the perceived risk levels are varied so that the influence is discussed. Potential revenue
differences due to load factor differences is discussed per route as well.

7.1. Route Amsterdam - London
The Amsterdam - London route is a very busy route; in 2019, it was the busiest route from Amsterdam
Schiphol Airport, with almost 2 million passengers per year (Schiphol, 2020). The direct Eurostar route is
relatively new, being introduced back in 2018 (Treinenweb, 2018). However, it was already possible to go the
London by Eurostar; first a Thalys train to Brussels had to be taken. At the same time, it is possible to go
to London by car, by taking the Eurotunnel or Ferries. For the calculations, Rome2Rio, ViaMichelin, Google
Maps, Skyscanner and NS international are used (Rome2Rio, n.d.; ViaMichelin, n.d.; Google, n.d.; Skyscan-
ner, n.d.; NS, n.d.).

Table 7.2: Values example Amsterdam - London

Amsterdam - London
Eurostar NS + easyJet + Gatwick Express Hatchback E95
TT train TC train TT plane TC plane TT car TC car

Access 0 0 0.25 h € 5 0 0
Wait 0 0 2 h 0 0 € 15 (toll)
Main 4 h € 125 1.25 h € 50 7.5 h € 65
Egress 0.25 h 0 0.50 h € 20 0 0
Total 4.25 h €125 3.75 h € 75 7.5 h €80

7.1.1. Policy implications train load factor
The WtP values in table 6.14 show what the different risk factors mean given a certain travel time for the re-
duction of perceived risk by one. For this Amsterdam - London route, the values are used to give policy impli-
cations in regard to the different risk factors that contribute to perceived risk. Load factor is chosen as this can
be influenced by the train operator. Realistic values for travel time, travel cost and travel time are shown in ta-
ble 7.2. Load factor is the most important mode-related risk factor. The Amsterdam - London route is served
by Eurostar, the Eurostar e320 train has a maximum capacity of 900 passengers, and serves the route 3 times
per day (Eurostar, n.d.). So the total capacity is 2700 passengers per day (one way). The duration is 4.25 hours.
From table 6.14 the WtP per percentage point reduction in load factor can be calculated. For men this is 0.08/3
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hours*4.25 hours = €0.113. For women this is 0.14/3*4.25 = €0.1983. Assuming the calculated price of a one-
way ticket of €125, the total revenue for one day and one way can be calculated; this is 125*2700 = €337.500.
Considering a reduction of 25% load factor, but with an increasing ticket price due to the WtP for reduction
in load factor of 25*0.113= €2.825 per passenger for men and 25*0.1983= €4.9575 per passenger for women,
the resulting revenue is (assuming gender equally): 2700*0.5*0.75*(125+2.825)+2700*0.5*0.75*(125+4.9575) =
€261.005. When a 50% load factor is considered, but the ticket price increases by €5.65 for men and €9.91 for
women, the resulting revenue is: 2700*0.5*0.5*(125+5.65)+2700*0.5*0.5*(125+9.915) = €179.253. Considering
a reduction of 75% load factor, but with an increasing ticket price of €8.475 for men and €14.8725 for women,
the resulting revenue is: 2700*0.5*0.25*(125+8.475)+2700*0.5*0.25*(125+14.8725) = €92.255. The results are
shown in table 7.3. It can be concluded that the WtP for reduction in load factor can not account for the
revenue loss due to this reduction in load factor. However, the WtP increases revenue in comparison with the
same load factor without the WtP.

Table 7.3: Revenues example Amsterdam - London

Eurostar
Revenue WtP reduction LF

Load factor With WtP Without WtP Men Women
25% 92255 84375 8.48 14.87
50% 179256 168750 5.65 9.92
75% 261005 253125 2.83 4.96
100% 337500 337500 0 0.00

7.1.2. Impact perceived risk

Table 7.4: Values example Amsterdam - London, utilities & predicted market shares

Men Values route Amsterdam - London
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -1.81 -2.81 -1.97 45% 17% 38%
1 2 -1.81 -2.91 -1.97 46% 15% 39%
1 3 -1.81 -3.00 -1.97 46% 14% 40%
1 4 -1.81 -3.09 -1.97 47% 13% 40%
1 5 -1.81 -3.19 -1.97 47% 12% 41%
2 1 -1.92 -2.81 -1.97 42% 17% 40%
2 2 -1.92 -2.91 -1.97 43% 16% 41%
2 3 -1.92 -3.00 -1.97 44% 15% 41%
2 4 -1.92 -3.09 -1.97 44% 14% 42%
2 5 -1.92 -3.19 -1.97 45% 13% 43%
3 1 -2.03 -2.81 -1.97 40% 18% 42%
3 2 -2.03 -2.91 -1.97 40% 17% 43%
3 3 -2.03 -3.00 -1.97 41% 16% 43%
3 4 -2.03 -3.09 -1.97 42% 14% 44%
3 5 -2.03 -3.19 -1.97 42% 13% 45%
4 1 -2.13 -2.81 -1.97 37% 19% 44%
4 2 -2.13 -2.91 -1.97 38% 18% 44%
4 3 -2.13 -3.00 -1.97 39% 16% 45%
4 4 -2.13 -3.09 -1.97 39% 15% 46%
4 5 -2.13 -3.19 -1.97 40% 14% 47%
5 1 -2.24 -2.81 -1.97 35% 20% 45%
5 2 -2.24 -2.91 -1.97 36% 18% 46%
5 3 -2.24 -3.00 -1.97 36% 17% 47%
5 4 -2.24 -3.09 -1.97 37% 16% 48%
5 5 -2.24 -3.19 -1.97 37% 14% 48%

Average 41% 16% 43%

Women Values route Amsterdam - London
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -1.91 -2.89 -1.97 43% 16% 41%
1 2 -1.91 -3.07 -1.97 44% 14% 42%
1 3 -1.91 -3.24 -1.97 45% 12% 43%
1 4 -1.91 -3.42 -1.97 46% 10% 43%
1 5 -1.91 -3.60 -1.97 47% 9% 44%
2 1 -2.10 -2.89 -1.97 39% 18% 44%
2 2 -2.10 -3.07 -1.97 40% 15% 45%
2 3 -2.10 -3.24 -1.97 41% 13% 46%
2 4 -2.10 -3.42 -1.97 42% 11% 47%
2 5 -2.10 -3.60 -1.97 42% 10% 48%
3 1 -2.30 -2.89 -1.97 34% 19% 47%
3 2 -2.30 -3.07 -1.97 35% 16% 49%
3 3 -2.30 -3.24 -1.97 36% 14% 50%
3 4 -2.30 -3.42 -1.97 37% 12% 51%
3 5 -2.30 -3.60 -1.97 38% 10% 52%
4 1 -2.50 -2.89 -1.97 30% 20% 50%
4 2 -2.50 -3.07 -1.97 31% 17% 52%
4 3 -2.50 -3.24 -1.97 32% 15% 53%
4 4 -2.50 -3.42 -1.97 32% 13% 55%
4 5 -2.50 -3.60 -1.97 33% 11% 56%
5 1 -2.70 -2.89 -1.97 26% 21% 53%
5 2 -2.70 -3.07 -1.97 27% 18% 55%
5 3 -2.70 -3.24 -1.97 27% 16% 57%
5 4 -2.70 -3.42 -1.97 28% 14% 58%
5 5 -2.70 -3.60 -1.97 29% 12% 59%

Average 36% 14% 50%

For this case, realistic values are calculated with the aforementioned websites. The values of travel time, travel
cost, and perceived risk are added to the utility functions. Then all combinations of perceived risk are varied
in the table so that every combination of perceived between train and plane is in the table. This results in
a different utility for every row for every mode. With the utilities, the choice probabilities can be calculated
with the following formula:

P (i |C ) = eVi∑ j∈C
j=1 eV j

(7.1)

It has to be noted that the numbers sometimes do not fully add up to 100% due to rounding. The results show
that in general that perceived risk does not have a big influence on the market share of the modes for the
Amsterdam - London route. To highest changes in perceived risk level between train and plane are used to
illustrate the most extreme possible market share shift. When train risk level remains 1 and risk level for plane
increases from 1 to 5, the difference in market share for train is only 2% point increase for men; for women
this is 4% point. For plane there is a decrease of 5% point for men; for women this is 7% point. For car there
is an increase of 3% point for men; for women this is 3% as well. When the train increases from 1 to 5 and the
plane stays at level 1, a fairly different picture can be seen. In this case, train loses 10% point market share
for men; for women this is 17%. Plane has 3% point decrease in market share for men; for women this is 5%
point. Car increases by 7% for men; for women this is 12% point. This shows train changes in perceived risk
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weigh more than for plane. Partly, this is because train has a longer travel time. However, due to the highly
negative ASC for plane, differences in utilities for plane are smaller than for train. Therefore, other attributes
like perceived risk, have a lower impact. Thus, changes in perceived risk are greater for train than for plane.
Women have a higher weight to perceived risk, therefore market shares differences are higher for women.
For smaller differences in perceived risk, these market share changes are even smaller. The perceived risk
levels are complex concepts, its score is determined by a lot of factors. Therefore there is no real such thing as
risk level 1. So, these extreme changes are not realistic in real life. Moreover, four out of the eight factors are
destination specific. In this case, these factors do not change between modes for the same OD-pair. To make
this clear, the maximum difference in perceived risk points for the same OD-pair will be (only considering
mode-related attributes):

PRl ow = 2.815−0.405−0.268 = 2.14

PRhi g h = 2.815+ (0.006∗100) = 3.46

∆PR = 3.46−2.14 = 1.32

In this case, when the perceived risk of train is 2 and plane 3 (to approximate risk point 2.14 and 3.46) to train
1 and plane 3, there is only a 1 to 2% point market share difference for men; for women this is 2 to 3% point.
Thus, it can be concluded that the influence of perceived risk is very moderate for this route. The maximum
(possible) difference will only have a small impact on the market share for this Amsterdam - London route.
The impact of one of the four mode-related risk attributes is even smaller. In conclusion, perceived risk has a
small impact on market share for the Amsterdam - London route. However, this example gives more insights.
It can be seen from the table that the market shares from the train are, in general, on the high side. Even
though travelling by train is a little bit slower and a bit more expensive than plane, train has huge part of the
market share. The reason for this is the very high (negative) value for the ASC for plane. As a consequence,
the shorter travel time and cheaper fare can not compensate for this utility. So because of the strong aversion
for plane in this dataset, the train has a lot of gains in market share. The difference in travel time between
train and car is 1 hour and 45 minutes. However, the weight for travel time in car is substantially higher, with
a value of -0.194 for car and -0.114 for train. This means that the weight is 70% higher, see next equation:
−0.194+0.114

−0.114 = 0.70. Therefore, the 1 hour and 45 minutes travel time difference has a quite substantial impact,
so this contributes even more to the market share of train. Nevertheless, there is no perceived risk for car;
at the same time, the ASC of train is negative (in comparison to car), so car has the highest (average) market
share.

7.2. Route Amsterdam - Berlin
The route Amsterdam - Berlin is an important route for both NS international and Schiphol, being the 10th

busiest route from Schiphol in 2019 (including both the Tegel and Schönefeld airports) (Schiphol, 2020).
Plane is the fastest option. By train, there is a direct connection by Intercity train from Amsterdam to Berlin
Hauptbahnhof (NS, n.d.). The third option is car, with a travel that is almost the same as by train. The values
for the attributes are shown in table 7.5. Again calculations are done using Rome2Rio, ViaMichelin, Google
Maps, Skyscanner and NS international are used (Rome2Rio, n.d.; ViaMichelin, n.d.; Google, n.d.; Skyscan-
ner, n.d.; NS, n.d.).

Table 7.5: Values example Amsterdam - Berlin

Amsterdam - Berlin
NS international IC NS + KLM + RE17 train Hatchback E95
TT train TC train TT plane TC plane TT car TC car

Access 0 0 0.25 h €5 0 0
Wait 0 0 2 h 0 0 0
Main 6.25 h € 100 1.25 h € 50 6.5 h € 160 (fuel)
Egress 0 0 0.75 h € 5 0 0
Total 6.25 h €100 4.25 h €100 6.5 h €160

7.2.1. Policy implications train load factor
The NS international intercity service between Amsterdam and Berlin is served 5 times per day (NS, n.d.).
This train has a capacity of 600 passengers per train. This gives a total of potential 3000 passengers per day
one way. With a ticket price of €100, the total revenue that can be generated is 3000*100 = €300.000. The WtP
for a reduction in load factor of 1% for men is 0.08/3 hours*6.25hours = €0.167 per passenger; for women this
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is 0.14/3*6.25 = €0.292 per passenger. The calculations steps the same as for the London route, but now the
values are used for the Berlin route. Table 7.6 shows again that the increased WtP for reduction in load factors
also can not compensate for the loss in revenue due to this reduction in load factor. However, the differences
in loss are smaller than for the London route.

Table 7.6: Revenues example Amsterdam - Berlin

Thalys + TGV Amsterdam - Barcelona
Revenue WtP reduction LF

Load factor With WtP Without WtP Men Women
25% 106641 75000 12.5 21.875
50% 204688 150000 8.333 14.583
75% 294141 225000 4.167 7.292
100% 300000 300000 0 0

7.2.2. Impact perceived risk

Table 7.7: Values example Amsterdam - Berlin, utilities & predicted market shares

Men Values route Amsterdam - Berlin
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -1.61 -2.73 -2.30 55% 18% 27%
1 2 -1.61 -2.83 -2.30 56% 16% 28%
1 3 -1.61 -2.94 -2.30 57% 15% 28%
1 4 -1.61 -3.05 -2.30 58% 14% 29%
1 5 -1.61 -3.15 -2.30 58% 12% 29%
2 1 -1.76 -2.73 -2.30 51% 19% 30%
2 2 -1.76 -2.83 -2.30 52% 18% 30%
2 3 -1.76 -2.94 -2.30 53% 16% 31%
2 4 -1.76 -3.05 -2.30 54% 15% 31%
2 5 -1.76 -3.15 -2.30 55% 14% 32%
3 1 -1.92 -2.73 -2.30 47% 21% 32%
3 2 -1.92 -2.83 -2.30 48% 19% 33%
3 3 -1.92 -2.94 -2.30 49% 18% 33%
3 4 -1.92 -3.05 -2.30 50% 16% 34%
3 5 -1.92 -3.15 -2.30 51% 15% 35%
4 1 -2.07 -2.73 -2.30 43% 22% 34%
4 2 -2.07 -2.83 -2.30 44% 21% 35%
4 3 -2.07 -2.94 -2.30 45% 19% 36%
4 4 -2.07 -3.05 -2.30 46% 17% 37%
4 5 -2.07 -3.15 -2.30 47% 16% 37%
5 1 -2.23 -2.73 -2.30 39% 24% 37%
5 2 -2.23 -2.83 -2.30 40% 22% 38%
5 3 -2.23 -2.94 -2.30 41% 20% 38%
5 4 -2.23 -3.05 -2.30 42% 19% 39%
5 5 -2.23 -3.15 -2.30 43% 17% 40%

Average 49% 18% 33%

Women Values route Amsterdam - Berlin
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -1.74 -2.82 -2.30 52% 18% 30%
1 2 -1.74 -3.02 -2.30 54% 15% 31%
1 3 -1.74 -3.22 -2.30 55% 13% 32%
1 4 -1.74 -3.42 -2.30 57% 11% 33%
1 5 -1.74 -3.62 -2.30 58% 9% 33%
2 1 -2.03 -2.82 -2.30 45% 21% 35%
2 2 -2.03 -3.02 -2.30 47% 17% 36%
2 3 -2.03 -3.22 -2.30 48% 15% 37%
2 4 -2.03 -3.42 -2.30 50% 12% 38%
2 5 -2.03 -3.62 -2.30 51% 10% 39%
3 1 -2.32 -2.82 -2.30 38% 23% 39%
3 2 -2.32 -3.02 -2.30 40% 20% 41%
3 3 -2.32 -3.22 -2.30 41% 17% 42%
3 4 -2.32 -3.42 -2.30 42% 14% 43%
3 5 -2.32 -3.62 -2.30 43% 12% 45%
4 1 -2.62 -2.82 -2.30 31% 26% 43%
4 2 -2.62 -3.02 -2.30 33% 22% 45%
4 3 -2.62 -3.22 -2.30 34% 19% 47%
4 4 -2.62 -3.42 -2.30 35% 16% 49%
4 5 -2.62 -3.62 -2.30 36% 13% 50%
5 1 -2.91 -2.82 -2.30 25% 28% 47%
5 2 -2.91 -3.02 -2.30 27% 24% 49%
5 3 -2.91 -3.22 -2.30 28% 21% 51%
5 4 -2.91 -3.42 -2.30 29% 17% 53%
5 5 -2.91 -3.62 -2.30 30% 15% 55%

Average 41% 17% 42%

The impact of perceived risk on market share for the Amsterdam - Berlin route is again illustrated using the
most extreme cases in differences of perceived risk level for both plane and train. When perceived risk is 1
for train and plane increases from 1 to 5, market share of train increases by 3% point for men; for women this
is 6% point. Plane decreases by 6% point for men; for women this is 9% point. Car increases by 2% point for
men; for women this is 3% point as well. The other way around, when train is increasing from 1 to 5 while
plane stays at 1, results in a decrease of market share for train of 16% point for men; for women this is 27%
point. Plane increases 6% point for men; for women it increase by 10% point. Car increases by 10% point
for men; for women this is 17% point. The results show that the differences in market share for women are
higher than the differences for men, due to the higher weight of perceived risk for women. Moreover, due to
the higher travel time of train, the market share losses are higher for train than for plane. In this case, when
the perceived risk of train is 3 and plane 2 (to approximate risk point 3.46 and 2.14) to train 2 and plane 3 the
maximum market share difference possible is around 1-4% point for men; for women this is 2-7% point. This
shows that for the Amsterdam - Berlin route there is a higher possible impact.

7.3. Route Amsterdam - Barcelona
The route Amsterdam - Barcelona is the second busiest route from Schiphol airport, with almost 1.4 million
passengers in 2019 (Schiphol, 2020). For the train, it is possible to travel from Amsterdam to Barcelona by
changing trains in Paris. The first part will be travelling on Thalys and the second part on the TGV. In the
summertime, there is an extra possibility of travelling to Barcelona by train. In this case, the Thalys train
will take one to Valence (France), and one has to switch trains to Barcelona. This trip is either on TGV or
AVE (Spanish high-speed train). The third option is the car, but it has a long travel time of around 15 hours
(ViaMichelin, n.d.). For this case, it is again discussed how perceived risk influences market share. Once
more, for the calculations, Rome2Rio, ViaMichelin and Google Maps are used (Rome2Rio, n.d.; ViaMichelin,
n.d.; Google, n.d.; Skyscanner, n.d.; NS, n.d.). Moreover, the websites of SNCF and Renfe are used for the
calculation of travel cost of train (SNCF, n.d.; SNCF/Renfe, n.d.).
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Table 7.8: Values example Amsterdam - Barcelona

Amsterdam - Barcelona
Thalys + TGV NS + Transavia Hatchback E95
TT train TC train TT plane TC plane TT car TC car

Access 0 0 0.25 h € 5 0 0
Wait 0 € 5 (transfer) 2 h 0 0 € 50 (toll)
Main 3.25 h + 6.75 h € 35 + €145 2.25 h € 65 15 h € 170 (fuel)
Egress 0.25 h 0 0.50 h € 5 0 0
Total 10.25 h €185 5 h €75 15 h €220

7.3.1. Policy implications train load factor
The first part of this route is the Thalys to Paris, then the TGV service from Paris to Barcelona. The TGV
service to Barcelona is offered two times per day. The Thalys train has a capacity of around 400 passengers
(NS, n.d.). The TGV services to Barcelona uses TGV duplex train with a higher capacity. So the maximum
number of passengers per day is 400*2 = 800 passengers. With a ticket price of €185, this generates 185*800 =
€148.000. The WtP per percentage point reduction in load factor for men is 0.08/3 hours*10.25hours = €0.273
per passenger; for women this is 0.14/3*10.25 = €0.478 per passenger. For this longer route, the WtP values
are substantially higher than for the London and Berlin routes. However, due to the high ticket price for this
route, the WtP for reduction in load factor cannot compensate the loss in revenue. The differences between
revenues for lower load factors decreases. This means that for lower load factors the difference between
when people are willing to pay for reduction and when they are not willing to pay for this gets smaller. This is
a logical consequence as for lower load factors, the need for a further reduction is lower.

Table 7.9: Revenues example Amsterdam - Barcelona

Thalys + TGV Amsterdam - Barcelona
Revenue WtP reduction LF

Load factor With WtP Without WtP Men Women
25% 42638 37000 20.50 35.88
50% 81517 74000 13.67 23.92
75% 116638 111000 6.83 11.96
100% 148000 148000 0 0

7.3.2. Impact perceived risk

Table 7.10: Values example Amsterdam - Barcelona, utilities & predicted market shares

Men Values route Amsterdam - Barcelona
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -3.04 -2.84 -4.34 40% 49% 11%
1 2 -3.04 -2.97 -4.34 43% 46% 12%
1 3 -3.04 -3.09 -4.34 45% 43% 12%
1 4 -3.04 -3.22 -4.34 48% 40% 13%
1 5 -3.04 -3.35 -4.34 50% 37% 14%
2 1 -3.29 -2.84 -4.34 34% 54% 12%
2 2 -3.29 -2.97 -4.34 37% 51% 13%
2 3 -3.29 -3.09 -4.34 39% 47% 14%
2 4 -3.29 -3.22 -4.34 41% 44% 15%
2 5 -3.29 -3.35 -4.34 43% 41% 15%
3 1 -3.55 -2.84 -4.34 29% 58% 13%
3 2 -3.55 -2.97 -4.34 31% 55% 14%
3 3 -3.55 -3.09 -4.34 33% 52% 15%
3 4 -3.55 -3.22 -4.34 35% 49% 16%
3 5 -3.55 -3.35 -4.34 37% 46% 17%
4 1 -3.80 -2.84 -4.34 24% 62% 14%
4 2 -3.80 -2.97 -4.34 26% 59% 15%
4 3 -3.80 -3.09 -4.34 28% 56% 16%
4 4 -3.80 -3.22 -4.34 30% 53% 17%
4 5 -3.80 -3.35 -4.34 32% 50% 19%
5 1 -4.06 -2.84 -4.34 19% 66% 15%
5 2 -4.06 -2.97 -4.34 21% 63% 16%
5 3 -4.06 -3.09 -4.34 23% 60% 17%
5 4 -4.06 -3.22 -4.34 25% 57% 19%
5 5 -4.06 -3.35 -4.34 26% 54% 20%

Average 34% 52% 15%

Women Values route Amsterdam - Barcelona
Situation Utility Market share
PR train PR plane Train Plane Car Train Plane Car
1 1 -3.26 -2.95 -4.34 37% 50% 13%
1 2 -3.26 -3.19 -4.34 41% 45% 14%
1 3 -3.26 -3.42 -4.34 46% 39% 16%
1 4 -3.26 -3.65 -4.34 50% 33% 17%
1 5 -3.26 -3.89 -4.34 53% 28% 18%
2 1 -3.74 -2.95 -4.34 27% 59% 15%
2 2 -3.74 -3.19 -4.34 30% 53% 17%
2 3 -3.74 -3.42 -4.34 34% 47% 19%
2 4 -3.74 -3.65 -4.34 38% 41% 21%
2 5 -3.74 -3.89 -4.34 42% 36% 23%
3 1 -4.21 -2.95 -4.34 18% 65% 16%
3 2 -4.21 -3.19 -4.34 21% 60% 19%
3 3 -4.21 -3.42 -4.34 24% 54% 22%
3 4 -4.21 -3.65 -4.34 27% 48% 24%
3 5 -4.21 -3.89 -4.34 31% 42% 27%
4 1 -4.69 -2.95 -4.34 12% 70% 18%
4 2 -4.69 -3.19 -4.34 14% 65% 21%
4 3 -4.69 -3.42 -4.34 17% 60% 24%
4 4 -4.69 -3.65 -4.34 19% 54% 27%
4 5 -4.69 -3.89 -4.34 21% 48% 31%
5 1 -5.17 -2.95 -4.34 8% 74% 18%
5 2 -5.17 -3.19 -4.34 9% 69% 22%
5 3 -5.17 -3.42 -4.34 11% 64% 25%
5 4 -5.17 -3.65 -4.34 13% 58% 29%
5 5 -5.17 -3.89 -4.34 14% 52% 33%

Average 26% 53% 21%

For this route, perceived risk has a bigger influence on the market shares. This could be expected as perceived
risk is dependent on time. When perceived risk is 1 for train and increases from 1 to 5 for plane, market share
of train increases by 10% point for men; for women this is 16% point. Plane decreases by 12% point for men;
for women plane decreases by 22% point. Car increases by 3% point for men; for women this is 5% point. The
other way around, when train is increasing from 1 to 5 while plane stays at 1, results in a decrease of market
share for train of 21% point for men; for women this is 29% point. For men plane increases by 17% point; for
women this is 24% point. Car increases by 4% point for men; for women this is 5% point. Due to the long
travel time of the car, the differences for car in market share are relatively small. Now, the market share losses
of train are higher for train than for plane, due to the high travel time difference of plane and train; hence,
perceived risk has a higher impact. However, these extreme changes are not realistic in real life. With 1.32
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perceived risk level difference, the realistic effect on market share of perceived risk is maximum of 4-6% point
for men; for women 3-16% point. The results show that for this longer route, perceived risk becomes more
important. However, realistically, not all four mode-related attributes will be different. Airplanes (almost)
always have HEPA-filters, trains as well. Furthermore, face mask policies for train and plane are often the
same. Only load factor can be be significantly different between modes for the same OD-pairs. The most
extreme difference in load factor results in a difference of perceived risk level of 0.646, this is approximately
half of 1.32. In this case the maximum possible market share shift is 2-8% point.

7.3.3. Impact socio-demographics & preferences
This section will be about the impact of age and mode preferences on market shares on the Amsterdam -
Barcelona route.

Impact age on modal split
In this case, the reference is the age of 20 to 40 years, as the average respondent is 38 years. Respondents
younger than 20 years are more sensitive to cost. In this case, both train and car are more expensive than
plane, so market share for plane increases by almost 10% point. Car has a smaller decrease in market share
than train. For the 40 to 65 years group, respondents are less sensitive to costs than 20 to 40 years. As a
consequence, market share for train increases by 6% point, car by 3% point and a decrease for plane by 9%
point. For respondents older than 65, the cost sensitivity is even smaller, so a further increase in market
share for train can be seen, with 8% point difference from the reference, for car 4% point difference from
the reference. Plane decreases by 12% point. So it can be concluded that for an increase in age, there is an
increase in market share for both train and car, and a decrease for plane.

Table 7.11: Impact age, utilities & predicted market shares

Situation TT train TC train CF train PR train TT plane TC plane CF plane PR plane TT car TC car Train Plane Car Train Plane Car
Reference 10.25 185 0 1 5 75 0 1 15 220 -3.04 -2.84 -4.34 40% 49% 11%
Younger than 20 years 10.25 185 0 1 5 75 0 1 15 220 -3.64 -3.09 -5.05 34% 58% 8%
20 to 40 years 10.25 185 0 1 5 75 0 1 15 220 -3.04 -2.84 -4.34 40% 49% 11%
40 to 65 years 10.25 185 0 1 5 75 0 1 15 220 -2.45 -2.61 -3.64 46% 40% 14%
65 years and older 10.25 185 0 1 5 75 0 1 15 220 -2.30 -2.54 -3.46 48% 37% 15%

Impact mode-preference on modal split
Within the survey, there was a question about the preference for a mode. The base (for these dummy coded
variables) is bus. Not all interactions were significant. There was no effect found of preference for plane on
the ASC for train and car. Also, there were no effects found of preference for car and train on the ASC of
plane. It can be seen that a preference for train results in a increase in market share for train by 11% point,
mainly on the cost of plane, which decreases by 8% point. Car decreases only by 3% point. Respondents
with a preference for train only have a small negative effect on the utility of cars so; therefore, the effect on
market share for car is moderate. A preference for plane results in a huge increase in market share for plane,
by 24% point, mainly at the expense of train, which decreases by 19% point. Car decreases only by 5% point.
A preference for car leads to a moderate increase in market share of 7% point for car. This is because the
dis-utility of the long travel time and high costs can not be compensated by the preference utility. Plane stays
about the same with a 1% point increase, and train decreases with 8% point. So it can be concluded that a
preference for a certain mode has a huge impact on the resulting market shares.

Table 7.12: Impact mode-preference, utilities & predicted market shares

Situation TT train TC train CF train PR train TT plane TC plane CF plane PR plane TT car TC car Train Plane Car Train Plane Car
Reference 10.25 185 0 1 5 75 0 1 15 220 -3.04 -2.84 -4.34 40% 49% 11%
Preference train 10.25 185 0 1 5 75 0 1 15 220 -2.63 -2.84 -4.52 51% 41% 8%
Preference plane 10.25 185 0 1 5 75 0 1 15 220 -3.04 -1.80 -4.34 21% 73% 6%
Preference car 10.25 185 0 1 5 75 0 1 15 220 -3.30 -2.84 -3.84 32% 50% 18%
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7.4. Summary
Main points of chapter

• Three routes were chosen to show impact on mode choice, Amsterdam - London, Amsterdam - Berlin
& Amsterdam - Barcelona

• Women have a higher weight to perceived risk, hence the market share differences due to perceived risk
is higher.

• Perceived risk has a small influence on market share, for longer travel times, perceived risk becomes
more important.

• The WtP for reduction in load factor can not compensate the loss of revenue due to this reduction.

• Mode-preference has a quite substantial effect on modal split, age has a moderate effect on modal split.

For the routes Amsterdam - London, Amsterdam - Berlin and Amsterdam - Barcelona, it is discussed how
perceived risk does influence market share. It can be concluded that for the short distance route Amsterdam
- London, perceived risk only has a small impact on changes in the modal split. For the Amsterdam - Berlin
and Amsterdam - Barcelona route, this effect is larger, but it has to be noticed that the difference in perceived
risk for the rating experiment can only be 1.32 point for the same OD-pair. As a consequence, perceived risk
has a small impact for this route as well (and even smaller for the Amsterdam - London route and Amsterdam
- Berlin route). Mode preference has quite a substantial effect on modal split, age a moderate effect. The WtP
values for reduction in load factor can not compensate for the loss in revenue in all of the three routes. So
also for the longer routes, the effect of perceived risk is not strong enough.
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8
Conclusion

This chapter provides the conclusion of this research. In section 8.1, the sub-questions are answered. Then
in section 8.2, the main question is answered.

8.1. Key findings
COVID-19 did have (and in some countries still has) a huge impact on travel behaviour. Almost all coun-
tries took measures to reduce the number of infections, like bans on entering other countries, the closing
of restaurants/bars and measures during the trip (like face masks or negative tests). One of the elements of
travel behaviour is mode choice. It is determined by a lot of factors that are often interrelated to each other
to a smaller or larger extent. It is often the consequence of a complex choice process that occurs automati-
cally or deliberately in everyday life and incorporates both objective and subjective influences. Quite some
research on the effects of mode choice has been done, mainly focusing on daily (short-distance) travel be-
haviour. Nevertheless, for long-distance travel, there has been little done research on the effects of COVID-19
(in terms of perceived risk).

To research the effects of perceived COVID-19 infection risk, this study was conducted. In total, 1147 re-
spondents took part in this research. To study whether perceived COVID-19 risk influences mode choice, the
survey consisted of two main parts, a part about socio-demographics and a part about travel behaviour. The
first part of the survey was the rating experiment. In this part, respondents rated their perceived risk of infec-
tion with COVID-19 based on eight risk factors; four of these factors were destination-related, and the other
four were mode-related. After this, respondents were faced with the main (mode) choice experiment. In this
experiment, respondents chose between train, plane and car based on travel time, travel cost, travel comfort
(travel class) and perceived risk (now a given value). To analyse the data, the discrete choice modelling theory
was used. At last, an adapted variant of the Hierarchical Information Integration (HII) theory was used to
combine both of the results. All of these steps were taken in order to answer the research questions. In the
following sections, every sub-question is answered.

How do the different risk factors influence the perceived risk variable?. In total, eight factors were estab-
lished: travel advice, vaccination rate, load factor, infections, air conditioning, travel requirements, face mask
policy and cleaning policy. From the results, it can be concluded that the yellow and orange travel advice does
not influence perceived risk. Nevertheless, red travel advice is the most important factor in the contribution
to perceived risk. Vaccination rate and load factor do have about the same contribution to perceived risk, but
the signs are opposite. Vaccination rate has a negative sign, load factor a positive sign. The number of in-
fections has a counter-intuitive outcome, with a higher contribution for 10.000 positive tests per day than for
25.000 positive tests. A possible reason could be that respondents find it hard to imagine what this number
means; moreover, the 25.000 level was almost insignificant with a p-value of 0.051. Nevertheless, the attribute
of 100.000 positive tests has the highest contribution to the number of infections. For the ventilation/air con-
ditioning variables, ventilation has the highest negative contribution. This can be explained as there was a
focus on ventilation by the government to reduce the number of infections. After this, air conditioning with
HEPA filters did have a smaller contribution than ventilation. Air conditioning without HEPA has the lowest
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contribution of these variables. Regarding travel requirements, the 3G policy has a positive contribution to
perceived risk, which is counter-intuitive. This could be explained, as with the (first) introduction of the 3G-
policy, there was a dramatic increase in number of infections. The 2G policy has no effects, but the 2G+ policy
does decrease perceived risk. When looking at the face mask policy, having any mask is more important in
the decrease of perceived risk than having at least an FFP2 mask. A surgical mask is not of importance. None
of the cleaning variables have a contribution to perceived risk.

How do socio-demographic variables influence the perceived risk variable within the rating experiment?.
For this question, gender, age, income, education and work status were added to the model. Work status
does not have a contribution to perceived risk and thus does not influence perceived risk. Gender (woman
= 1, man = 0) has a positive contribution to perceived risk; hence, being woman results in a higher (average)
rating for perceived risk. The same counts for education levels’ HBO’ and ’WO’. Moreover, having an gross
income between €20.000 and €100.000 per year also contributes to perceived risk. When looking at age, most
of the age groups did not have a contribution to perceived risk; however, being between 20 and 40 years old
leads to a decrease in perceived risk.

How do socio-demographic and travel behaviour variables influence travel cost, travel time, travel comfort
and perceived risk in the main choice experiment?. To test whether socio-demographic and travel behaviour
variables influence the main variables in the main choice experiment, interactions were estimated. One by
one, a different interaction was estimated with the main variables. Then all of the interactions were added to
the base model. After this, all interactions that were not significant were removed using a stepwise backwards
elimination. Travel cost becomes less important with increasing age; this means that the cost parameter be-
comes less negative with increasing age. Moreover, if the payment is made by the educational institute or
work, people become less sensitive to cost as well. For travel time, only travel purpose has an influence. Trav-
elling for work contributes to a more negative weight on travel time, so travel time becomes more important.
For travel comfort, no significant interactions were found. At last, for perceived risk, both gender and travel
company turned out to be significant. Being a woman contributes to a higher weight to perceived risk; this
was also found in the rating experiment. At last, travelling with friends contributes to perceived risk.

How are travel cost, travel time and travel comfort traded off against people’s perception of COVID-19 risk?.
Perceived risk is dependent on time, due to the significant interaction between perceived risk and travel time.
The value of risk for a decrease in level of risk for a man is €3.89 per decrease in level per hour; for a woman,
this is €7.24 per decrease of level per hour. The difference in gender was found due to a significant interaction
between perceived risk and gender. The levels of risk go from 1-very low to 5-very high. As perceived risk is
dependent on time, there is no trade-off in terms of travel time. Longer travel times leads to a higher perceived
risk. These values are found for the average respondent. Different values are found for different ages, travel
purposes, payment of the trip and education levels. In terms of travel comfort, the value of risk for men is
0.072 comfort ’points’ for one level decrease of perceived risk per hour; for women this 0.134. An upgrade
in travel class is worth 13.89 hours for men when perceived risk level is 1; for women this is 7.46 hours. For
perceived risk level 5, an full increase in travel class is ’worth’ only 2.78 hours of travel for men; for women
1.49 hours. This shows that perceived risk becomes more important at higher levels. The value of time found
is 17.59 euro/hour for train, and 29.94 euro/hour for car. The willingness to pay for an increase in travel class
is 53.40 euro. When work or the educational institution pays for the trip, the WtP becomes 81.22 euro.

8.2. Main research question
To what extent does risk perception of infection with COVID-19 influence mode choice for long- distance
trips in Europe?. To test to what extent risk perception of COVID-19 influences market shares, examples with
real-world values for the main choice experiment are established. The first example is the Amsterdam - Lon-
don route. This route is the most popular destination for Schiphol in 2019. The maximum shift in market
share is found when perceived risk for train increases from 1 to 5 and the plane stays at level 1. In this case,
train loses 10% point market share for men; for women this is 17%. Plane has 3% point decrease in market
share for men; for women this is 5% point. Car increases by 7% point for men; for women this is 12% point.
Risk perception consists of several factors in real life, there is no such thing as risk levels in the real world.
For this research, the rating experiment is based on eight factors. Only four of these factors are mode-related,
the other four are destination-related. For the same OD-pair, these four factors thus do not change. As a
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consequence, the maximum level for risk is 3.46 points (calculated from the rating experiment). The mini-
mum is 2.14 risk points, so the maximum difference is only 1.32 risk points. With this maximum difference,
the realistic market share difference is 1-3% point. For the route Amsterdam - Berlin the maximum market
share differences for this route are a bit higher. The change in perceived risk for train from level 1 to 5 while
plane stays at 1, results in a decrease of market share for train of 16% point for men; for women this is 27%
point. Plane increases 6% point for men; for women it increase by 10% point. Car increases by 10% point for
men; for women this is 17% point. With the 1.32 perceived risk level difference possible, the maximum mar-
ket share possible is around 2-3% point. For the Amsterdam - Barcelona route perceived risk has the biggest
influence of the three routes on the market shares. This could be expected as perceived risk is dependent on
time. The maximum market share difference for train is 21% point decrease for men; for women this is 29%
point. For men plane increases by 17% point; for women this is 24% point. Car increases by 4% point for
men; for women this is 5% point. With the 1.32 difference, market share differences are at maximum 4-16%
point. For the three routes, the maximum possible market share difference show for London a small effect
of perceived risk. For the Amsterdam - Berlin and Amsterdam - Barcelona routes, this effect becomes larger.
However, realistically, not all four mode-related attributes will be different. Airplanes (almost) always have
HEPA-filters, trains as well. Furthermore, face mask policies for train and plane are often the same. Only load
factor can be be significantly different between modes for the same OD-pair. The most extreme difference in
load factor results in a difference of perceived risk level of 0.646 (this is a 100% load factor difference), this is
approximately half of 1.32. In this case the maximum possible market share shift is 2-8% point. To conclude,
risk perception of infection with COVID-19 has a moderate influence on market share.
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9
Limitations & suggestions for further

research

This research does contain several limitations and simplifications but are essential when considering the re-
sults. First, the attributes will be discussed, then the experimental set-up, after this the collection of the data
and at last, the application of the model. In the end, suggestions for further research will be mentioned.

Attributes
At the beginning of this report, several attributes were selected for both the rating experiment and the main
choice experiment. The rating experiment is based on eight factors that together contribute to perceived
risk. However, for respondents, other attributes could be important as well. For example, spacing between
seats onboard the vehicle could be important. Travel cost, travel time (and comfort to a lesser extent) are the
most important variables for mode choice. Because of the main choice experimental set-up, with perceived
risk next to the other main choice attributes, travel cost, travel time and travel comfort, an overestimation
of the importance of perceived risk is possible. However, from the conclusion, it can be seen that perceived
risk, in general, has not a big influence on mode choice. For the main choice experiment, in an early phase,
several attributes were eliminated and not taken into account. These attributes were access and egress time,
transfers, reliability, frequency, waiting time and departure/arrival time. Adding these to the main choice ex-
periment could theoretically lead to a better model, and thus less context is necessary. However, the choice
experiment would probably be too complex for respondents. Moreover, as a more general approach is taken
rather than going for a case study, it would almost be impossible to incorporate all these attributes. The main
goal of this research was to investigate risk perception on COVID-19 and how this influences mode choice;
therefore, having only four main attributes seems to be reasonable.

Experiment
For this experiment, it is chosen to separate the survey into two parts. To measure perceived risk, the rating
experiment was presented to the respondents. It could also be chosen to include risk perception attributes
only to the main choice experiment and not include the rating experiment. The rating of perceived risk was
an integer, on a 5-points scale, based on the chosen attributes. The experiment is on an ordinal scale, whereas
the rating is estimated on a ratio scale. There is some debate about using linear regression to estimate the rat-
ing because the respondents gave the answers on an ordinal scale. Further research is needed to investigate
if is it fair to use a linear regression on a ratio scale when answers are given on an ordinal scale.

The way perceived risk is established in the rating experiment can be further elaborated. Even though the
attributes in the rating experiment are precisely chosen, it is possible that these factors do not influence the
potential decision in the respondent’s life. It is possible that respondents would not even consider these at-
tributes in real life, but because these attributes were presented to them, it is incorporated into the judgement
of the respondent. These context framing concerns in experimental design are to some degree inevitable, but
they certainly enhance the mismatch between model and reality. Another important limitation is the use of
perceived risk variable in both the rating experiment and the main choice experiment. Respondents took
part in both parts (rating and main choice); it is, therefore, possible for the respondent to rate perceived for
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all trips to 1-very low. As the perceived risk rating variable returns in the main (mode) choice experiment,
the respondents could not be familiar with what it means if this value has a high value (so for example 5-very
high). The related risk factors associated with such an unknown rating must therefore be imagined by the
respondent, which cannot be supported by science. A solution would be presenting less extreme values for
perceived risk in the main experiment and thereby reducing the range. However, this does not hold as well,
as then less variation could be captured. The solution for this ’problem’ is the use of pivot designs, in which
the responses to the rating experiment are used to adjust the mode choice experiment possibilities in the
subsequent experiment. In other words, the attribute levels in the main (mode) choice experiment should
be chosen based on the ratings provided in the rating experiment. Besides that, the focus of the research is
on how risk factors influence mode choice. However, half of the risk factors were destination-related. These
destination-related attributes do not change for the same OD-pair. This is one of the reasons why there is not
much influence of perceived risk. At the same time, only half of the attributes can be changed by the airlines
or train companies. If more mode-related attributes were introduced, more policy measure recommenda-
tions could be taken.

Another limitation of the research is that it did not include an opting-out option. COVID-19 has several in-
fluences on travel behaviour. The main goal of this research was to test the effect of COVID-19 on the modal
split for long-distance travel in Europe. Including an opting-out option (i.e., not travelling at all) would also
allow for testing the reduction in ridership. However, it was chosen not to include this, as respondents would
then be forced to choose a certain mode (so that trade offs between modes can be tested). Moreover, only
train, car and plane were included as an option. In real life, more options are available, like the bus. There-
fore, respondents may choose a certain mode, whereas, in real life, they would have chosen another mode.
Nonetheless, this was an experimental set-up, and therefore it is not always the same as real life. Besides
this, a survey is a snapshot. The moment of taking the survey was in February and the beginning of March.
At that moment, there were still a lot of measures valid, while at this moment, there are no measures. As a
consequence, choices are probably be different at this moment.

The most notable limitation is the use of the MNL model, which has some significant shortcomings. At first, it
is assumed that the error term is of the Type 1 extreme value distribution. At second, the property assumption
of Independence from Irrelevant alternatives (IIA) remains true. This indicates that the relative popularity of
alternatives is independent of the popularity of others. This becomes a difficulty for this study since train
choices and aircraft share unobserved (transit) characteristics. The third problem with the MNL model is
that it overlooks the variability of the respondents’ attribute weights. The fourth difficulty with MNL is the
decision-maker’s choices. The MNL implies independence from every choice, however in fact, the respon-
dents’ decisions are not independent of each other, resulting in the so-called ’panel’ effect. Because of these
reasons, the Mixed Logit model (ML model) would be better to estimate. The ML model is a model that can
deal with these shortcomings stated above. By including an additional error term (σ), the model can account
for correlations between error terms within the utility specification. The panel-ML model should probably
used; this model corrects for the fourth (wrong) assumption of the MNL model mentioned above. Neverthe-
less, a model fit of 24% was found for the main choice experiment. Moreover, a latent class model could also
be estimated, to look into different market share and also to test for heterogeneity.

There are also limitations regarding the modes themselves. It was assumed that people were travelling on
legacy airlines such as KLM, Air France or Lufthansa and not with low-cost carriers like Ryanair or easyJet. In
reality, these two airlines are one of the biggest in Europe and therefore are also very important for choosing
modes for travelling within Europe. It was chosen not to go for these airlines, as sometimes very unrealistic
prices are offered, like flying for €5. Often it is the result of discounts; in this case, it is even possible that peo-
ple base their destination on the price rather than the destination itself. Moreover, for train, several options
are available, such as high-speed train (HST) or night-train. In order to keep the survey simple and easily
understandable, it was chosen to only go for conventional high-speed rail services or long-distance intercity
trains.

Another possible shortcoming is the combination of attribute levels from the Ngene design. This design is
orthogonal for the rating experiment and a D-efficient design for the main choice experiment. As a conse-
quence of the design, sometimes respondents were presented with unrealistic combinations of values (e.g., a
flight for 50€ in business class). It was possible to account for this by excluding certain value combinations,
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but then the design was not efficient anymore. The efficient design was more important than creating realis-
tic combinations, so this is the reason to ignore the unrealistic values.

Collection of the data
The use of the NS panel to collect responses is an additional drawback of this research. While this contributed
to a lot of responses (938) and, therefore, a lot of data for estimating the choice models, it also indicated that
those who participated are mostly frequent train users in their daily lives and are likely among the most de-
voted train riders, given they are willing to spend their own time responding NS questionnaires. This suggests
that the dataset may have a bias. This resulted in a larger market share for train. High income, high education,
work status and age all have similar strong socio-demographic impacts. Normally, when conducting studies,
there is often bias about the sample. This is due to the fact that students from the university are often in so-
cial groups with higher educated people (and most of the time, higher-income classes). Therefore bias arises
about, for example, Willingness to Pay values. From the NS panel, it was expected that there was a better
distribution of income and education. However, in the NS sample, there are also mostly higher incomes and
higher educated people.

In this study, it is investigated if the perception of risk may substantially compete with other important at-
tributes such as price, travel time, and comfort. Due to the lack of directly observable evidence, as there is
limited research done on COVID-19 risk for long-distance travel, a stated-preference survey was conducted.
However, there is always a discrepancy between what a person says he or she would do and what he or she
will really do. Revealed preference is difficult to undertake since perceived risk is a complex variable with a lot
of factors contributing to this. Consequently, a stated-preference study in survey format is the most practical
alternative. The stated-preference experiment has some shortcomings. Either, it is possible that attributes
are mentioned, and the respondents did not think about this. Alternatively, it is possible that attributes that
might really play a role are not in the survey.

Model application
The collected data from this sample was very extensive. Because of this, it was not possible to test all the
possible combinations of the outcomes. For example, the average respondent was introduced in order to
calculate the Willingness to Pay values for the reduction of risk. However, if another combination of socio-
demographic attributes and travel behaviour attributes were used, different values for WtP values would be
found. A disadvantage in this case is there would be too much information. By using ’the average respondent’,
the interpretation of the results is easy and understandable, but it gives less information.

Suggestions for further research
Based on this research, several suggestions for further research can be made. First of all, because of the
very broad approach that was taken, further research could focus on certain routes. In this case, it can be
researched which factors are important for different case studies. Hence, more precise results can be used
and could also be implemented. Moreover, the risk attributes were based mainly on literature. For further
research, it is suggested also to include interviews and/or focus groups. In this case, it is likely to capture
more of the relevant risk factors along the way. Crowding onboard was an important factor, and at the same
time, it can be regulated by airlines or companies to a certain extent, so it is wise to explore the impact of
various crowding levels more thoroughly. A similar research is suggested in another country, to compare the
results. However, this is hard, as COVID-19 implications change a lot. However, revealed-preference data
(now that the pandemic is at another stage) could be used to compare this with this data. In this case, the
model can be calibrated with the revealed-preference data.
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B
Ngene code & design

This appendix contains the Ngene code that was used to construct the choice for both the perceived risk rat-
ing experiment and the two main choice experiments.

Perceived risk rating experiment
?Design for rating experiment
design
;alts = alt1, alt2
;rows = 20
;orth = seq
;block = 4
;model:
U(alt1)=
+cr*crow[25,50,75,100]
+ma*mask[0,1,2,3]
+cl*clean[0,1,2,3]
+air*airco[0,1,2,3]
+req*require[0,1,2,3]
+in*infect[0,1,2,3]
+va*vacc[15,30,70,90]
+ad*advice[0,1,2,3]
$

Choice set Crow Mask Clean Airco Require Infect Vacc Advice Block
1 25 0 0 0 0 0 15 0 3
2 75 0 2 3 3 2 30 3 4
3 25 2 1 3 2 3 70 2 4
4 75 1 3 0 3 3 70 0 4
5 50 3 0 3 1 2 70 1 1
6 50 0 3 1 2 0 70 3 1
7 25 1 1 2 0 3 30 3 3
8 50 1 0 0 3 1 90 3 1
9 100 0 0 1 1 3 15 2 2
10 75 2 1 1 1 1 90 1 3
11 25 3 3 1 1 0 30 2 4
12 100 1 3 3 0 1 15 1 2
13 100 3 1 2 3 0 15 2 2
14 50 3 2 1 2 3 30 0 1
15 50 0 3 2 1 2 90 0 1
16 75 1 0 3 2 0 90 0 4
17 100 2 1 0 2 2 30 1 3
18 75 3 2 0 0 2 70 3 3
19 100 2 2 2 0 1 90 2 2
20 25 2 2 2 3 1 15 1 2
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Main choice 400-600 kilometer
? Efficient design 400-600km
design
;alts = train, plane, car
;rows = 12
;block = 3
;eff = (mnl,d,mean)
;model:
U(train)=
+Btt[(n,-0.1,0.05)]*TT_train[3,4.5,6]
+Btc[(n,-0.01,0.005)]*TC_train[30,165,300]
+Bcf[(n,0.5,0.25)]*CF[0,1]
+Bpr[-(n,0.05,0.025)]*PR[1,3,5]/
U(plane)=
+Btt*TT_plane[3,4,5]
+Btc*TC_plane[50,175,300]
+Bcf*CF+Bpr*PR/
U(car)=
+Btt*TT_car[4.5,6.5,8.5]
+Btc*TC_car[80,115,150]
$

Choice set tt_train tc_train train,cf train,pr tt_plane tc_plane plane,cf plane,pr tt_car tc_car Block
1 6 30 0 5 3 50 1 1 6.5 150 1
2 4.5 300 0 3 3 175 1 1 8.5 80 3
3 4.5 300 0 3 5 175 1 5 4.5 80 1
4 4.5 30 1 3 4 175 0 3 6.5 115 3
5 3 300 1 1 3 175 0 5 8.5 80 1
6 3 165 1 1 5 50 0 5 6.5 150 2
7 6 30 1 1 3 50 0 5 6.5 150 2
8 3 165 0 5 4 300 1 1 8.5 115 2
9 4.5 300 0 3 5 50 1 3 4.5 150 3
10 6 165 1 5 4 300 0 1 4.5 115 1
11 6 165 1 5 4 300 0 3 4.5 80 3
12 3 30 0 1 5 300 1 3 8.5 115 2

Main choice 800-1200 kilometer
? Efficient design 800-1200km
design
;alts = train, plane, car
;rows = 12
;block = 3
;eff = (mnl,d,mean)
;model:
U(train)=
+Btt[(n,-0.1,0.05)]*TT_train[6,9,12]
+Btc[(n,-0.01,0.005)]*TC_train[50,200,350]
+Bcf[(n,0.5,0.25)]*CF[0,1]
+Bpr[(n,-0.05,0.025)]*PR[1,3,5]/
U(plane)=
Btt*TT_plane[4,5,6]
+Btc*TC_plane[50,225,400]
+Bcf*CF
+Bpr*PR/
U(car)=
+Btt*TT_car[10,13,16]
+Btc*TC_car[100,150,200]
$
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Choice set tt_train tc_train train.cf train.pr tt_plane tc_plane plane.cf plane.pr tt_car tc_car Block
1 12 200 1 5 5 400 0 3 10 200 2
2 9 350 0 3 4 225 1 1 16 100 3
3 12 50 1 5 4 50 0 1 13 200 2
4 6 350 0 1 5 225 1 5 16 100 1
5 6 200 1 1 6 225 0 5 16 150 3
6 12 200 1 3 6 400 0 3 10 100 1
7 9 50 0 5 5 50 1 1 13 150 1
8 9 50 0 5 5 400 1 1 10 150 2
9 12 50 1 1 4 50 0 5 10 200 3
10 6 350 0 3 6 400 1 3 13 100 3
11 6 200 0 3 6 50 1 3 13 150 2
12 9 350 1 1 4 225 0 5 16 200 1
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C
Explanation interactions

This Appendix will explain the different steps to get to the final model. First only interactions between main
variables will be tested.

Interactions between main variables
Model 1: Base model only main effects
The base model only contains main parameters, travel time, travel cost, travel comfort and perceived risk. All
parameters are significant. The ρ2 0.126, which is not very high, but a good value to start with. The LRS is
2530.875, so the model is significantly better than a random model. This is a good starting point to move on.

Model 2: Estimating mode-specific βtime
From theory, it can be expected that time is perceived different for every different mode (KiM, 2016). There-
fore for mode βtime is separately estimated. Also for comfort this is done, but not for car as for car comfort is
not varied in the main choice model. As a result all betas are significant, except for βtime for plane, which is
highly insignificant. The ρ2 did increase from 0.126 to 0.134. The LRS = -2*(- 8745.118+8660.3) = 169,636. This
is higher than the chi-square value, so the model is significantly better. However, if the correlation between
the betas are taken into account, it can be seen that the p-value for βtime_T and βtime_C is 0.44, so there are
not significantly different.

Model 3: Estimating mode-specific βrisk
Risk can also be perceived differently per mode. Therefore there will be also two betas specified, for plane and
train. For car, risk is not varied. Both betas are highly significant. The LRS =-2*(-8660,3+8658,209) = 4,182,
which is just higher than the value at 5% level 3.841, so it is significantly better on the 5% level but not at the
1% level. When looking at the correlations, the p-value of βrisk_P and βrisk_T is 0.0408, so it is significant at
the 5% level, but not at the 1% level. The 5% level is used, so therefore both βrisk are specified for each mode.
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Model 4: Estimating interaction between comfort and time for both plane and train
Both betas are insignificant, and both values are very small. The LRS = -2*( -8658.724+8655.665)=6.1, so this
suggest this model is better. At the same time, the ρ2 value is still 0.135. Because of the reason, the interaction
will not be taken into account.

Model 5: Combining comfort, mode specific time and risk + addition beta time for plane
Mode-specific comfort does give a counter-intuitive outcome. This can partly explained by the survey design,
because in all choice sets the class of plane and train were always the opposite (e.g., when train is 1st class then
for plane class is economy and opposite). Therefore, comfort will be combined to a single parameter. Beta
time for plane is again added, to test if it is significant. It will be included to test if the parameter becomes
significant with other parameters. It is also tested if the interaction between risk and time also is mode-
specific. Both parameters for train and plane are highly significant, so will be in the model. At the same time,
beta risk for plane and train are highly insignificant.

Model 6: Final base model
This model is the starting point as the basis model for socio-demographic interactions and other travel be-
haviour interactions. Both betas for risk are removed, so risk is only included as an interaction with time. The
final LL=-8682.564, with a ρ2 of 0.133.
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Interactions with socio-demographic variables
Model interaction age and cost
There are three extra parameters estimated, for every dummy level of age. The LRS = -2*(-8682.564+8627.256)=110.616,
so this model is significantly better. The ρ2 0.138.

Model interaction age and perceived risk
There are three extra parameters estimated, for every dummy level of age. LRS = -2*(-8682.564+8674.615)=
15,898. This is higher than the chi-square, however, the interactions all do not turn out to be significant. So
this interaction will not be taken into account.

Model interaction age and comfort
There are three extra parameters estimated, for every dummy level of age. The LRS = -2*(-8682.564+8679.447)=
6,234, which is lower than the chi-square value. None of the parameters are significant on the 1% level, 1 on
the 5% level.

Model interaction gender and cost
There is only 1 extra parameter. The LRS = -2*(-8682.564+8682.97) = -0,812 The parameter is not significant.
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Model interaction gender and time
There is only one extra parameter. LRS = -2*(-8682.564+8683.22) = -1,312

Model gender and perceived risk
There is only one extra parameter. LRS = -2*(-8683.222+8683.22) = 0 Parameter is highly significant

Model interaction income and cost
There are 4 extra parameters. LRS = -2*(-8682.564+8664.316) = 36,496 The parameters turn out to be signifi-
cant.

Model education and PR
There are three extra parameter LRS = -2*(-8683.222+-8664.719) = 37.006 All parameters are significant.

Interaction with travel behaviour questions
Model worry and perceived risk
There are two extra parameters. The parameters are not significant. LRS = -2*(-8683.222+8682.886) = 0.672,
so not significant.
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C. Explanation interactions

Model payment and cost
There are three extra parameters. Higher than chi-square so significantly better. Only payment by work or
education is significant. The sign is positive (as expected, so LRS = -2*(-8683.222+8674.014) = 18.416

Model travel company and cost
There are four extra parameters. LRS = -2*(-8683.222+8667.473) = 31.498. Only B_COMPANY_COST_OTHER
is not significant, but this give no information anyhow, all the other parameters are significant and show face
validity.

Model travel company and perceived risk
There are four extra parameters. LRS = -2*(-8683.222 +8653.575) = 59.294. Only B_COMPANY_PR_OTHER is
not significant, but this give no information anyhow, all the other parameters are significant and show face
validity.

Model work status and cost
There are four extra parameters. LRS = -2*(-8683.222+8641.657) = 83.13, ρ2 0.136. Only B_WORK_OTHER_COST
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and B_WORK_RETIRED is not significant, but this give no information anyhow, all the other parameters are
significant and show face validity. Student is not fully significant on the 1%, but it is on the 5% level.

Model travel purpose and cost
There are four extra parameters. LRS = -2*(-8683.222+8672.635) = 21.174, ρ2 0.134. Only B_PURPOSE_WORK_COST
is significant. The value is positive as expected.

Model travel purpose and time
There are four extra parameters. LRS = -2*(-8683.222+8653.351) = 59.742, ρ2 0.136. Only B_PURPOSE_WORK_TIME
is significant. The value is negative as expected.

Model travel frequency and perceived risk
There are three extra parameters. LRS = -2*(-8683.222+8661.571) = 43.302, ρ2 0.135. All parameters. Maybe
strange outcome, that people that travel 1_3 times per year are more likely to have perceived risk. However, if
people are traveling more than 3 time per year, perceived risk is likely to decrease.
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Model preference mode and ASC both distance classes
There are 9 extra parameters. The LRS = -2*(-8683.222+ 7745.085) = 1876,274, ρ2 0.226. B_PREF_CAR_P and
B_ B_PREF_TRAIN_P are not significant.

Model with all interactions, then stepwise backwards elimination
Model with all significant interactions included
All of the significant interactions (from the previous separate models) are included with the base model. This
gives the following results. Not all parameters are significant. ρ2 is 0.219. Final LL -7820.572.

Elimination 1
First all parameters with a p-value of 0.3 are deleted. This gives elimination_1. In total 14 parameter have
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been removed, so there are 33 parameters. This gives the following results. Not all parameters are significant.
ρ2 is 0.218. Final LL -7825.372

Elimination 2
First all parameters with a p-value of 0.1 and 0.2 are deleted. This gives elimination_2. Two parameters have
been deleted, so there are still 32. The following results were found. ρ2 is 0.218. Final LL -7826.299.

Elimination 3
Then all parameters above 5% significance are removed. This gives elimination 3. Again two parameters have
been removed, so there are 30 parameters. ρ2 is 0.218. Final LL -7828.69.
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Elimination 4
Some parameters became insignificant on the 5% level, these parameters are removed. This gives elimina-
tion_4. One parameter is removed. So in total 29 parameters. ρ2 is 0.218. Final LL -7830.035.

Elimination 5
Some parameters became insignificant on the 5% level, these parameters are removed. This gives elimina-
tion_5. Two parameters are removed. So in total 27 parameters. ρ2 is 0.218. Final LL -7831.553. All parameters
are significant on the 5% level.
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Final model 6
The preference for car is also added to the utility function of car. This gives in total three extra parameters.
So as a consequence, there are now 30 parameter. ρ2 increased to 0.24. Final LL -7605.543. However, some
parameters turn now out to be insignificant.

Final model
The parameters 4_7 and 8_MORE are not significantly different from each other, as both values are very sim-
ilar and the standard error captures the value of the other parameter. Therefore these variables will be com-
bined. Some parameters were not significant now, and are removed. There are 27 parameters, and this will
be the final model.
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Now all parameters are significant on the 5% level (most of them even at the 1% level). ρ2 is 0.24. Final LL
-7606.821. This will be the final model.
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D
PandasBiogeme code for Python &

estimation results

Base MNL model only main variables
import pandas as pd
import biogeme.database as db
import biogeme.biogeme as bio
from biogeme import models
from biogeme.expressions import Beta

# Read the data
df = pd.read_csv(’C:/Users/mauri/OneDrive/Documenten/TIL5060 TIL thesis/Data
survey/Volledige_dataset_download/Main_choice_gecombineerd/Volledige_data
_gecombineerd_omgezet_alleen_main.dat’, sep=’\t ′)
d at abase = db.Dat abase(′mai n_choi ce_vol ledi g ′,d f )

# The following statement allows you to use the names of the
# variable as Python variable.
globals().update(database.variables)

# Parameters to be estimated
ASC_CAR = Beta(’ASC_CAR’,0,-1000,1000,1)
ASC_TRAIN = Beta(’ASC_TRAIN’,0,-1000,1000,0)
ASC_PLANE = Beta(’ASC_PLANE’,0,-1000,1000,0)
B_TIME = Beta(’B_TIME’,0,-1000,1000,0)
B_COMFORT = Beta(’B_COMFORT’,0,-1000,1000,0)
B_RISK = Beta(’B_RISK’,0,-1000,1000,0)
B_COST = Beta(’B_COST’,0,-1000,1000,0)

# Definition of the utility functions
V1 = ASC_TRAIN \
+B_T I ME ∗T T _T \
+B_COST ∗TC _T \
+B_COMFORT ∗C F _T \
+B_RI SK ∗PR_T
V 2 = ASC _PL AN E\
+B_T I ME ∗T T _P\
+B_COST ∗TC _P\
+B_COMFORT ∗C F _P\
+B_RI SK ∗PR_P
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V 3 = ASC _C AR\
+B_T I ME ∗T T _C +B_COST ∗TC _C

# Associate utility functions with the numbering of alternatives
V = {1: V1, 2: V2, 3: V3}

AV1 = 1
AV2 = 1
AV3 = 1

Associate the availability conditions with the alternatives
av =
{1: AV1,
2: AV2,
3: AV3}

# Definition of the model. This is the contribution of each
# observation to the log likelihood function.
logprob = models.loglogit(V, av, CHOICE)

# Create the Biogeme object
biogeme = bio.BIOGEME(database, logprob)
biogeme.modelName = ’Basis_model’

# Calculate the null log likelihood for reporting.
biogeme.calculateNullLoglikelihood(av)

# Estimate the parameters
results = biogeme.estimate()

# Get the results in a pandas table
pandasResults = results.getEstimatedParameters()
print(pandasResults)
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Estimation report of base model with only main variables
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Base MNL model with main interactions
import pandas as pd
import biogeme.database as db
import biogeme.biogeme as bio
from biogeme import models
from biogeme.expressions import Beta

# Read the data
df = pd.read_csv(’C:/Users/mauri/OneDrive/Documenten/TIL5060 TIL thesis/Data survey/Volledige_dataset
_download/Main_choice_gecombineerd/Modellen_biogeme/Volledige_data_gecombineerd_omgezet_met_socio
_new.dat’, sep=’\t ′)
d at abase = db.Dat abase(′mai n_choi ce_vol ledi g ′,d f )

# The following statement allows you to use the names of the
# variable as Python variable.
globals().update(database.variables)

# Parameters to be estimated
ASC_CAR = Beta(’ASC_CAR’,0,-1000,1000,1)
ASC_TRAIN = Beta(’ASC_TRAIN’,0,-1000,1000,0)
ASC_PLANE = Beta(’ASC_PLANE’,0,-1000,1000,0)
B_TIME_T = Beta(’B_TIME_T’,0,-1000,1000,0)
B_TIME_C = Beta(’B_TIME_C’,0,-1000,1000,0)
B_TIME_P = Beta(’B_TIME_P’,0,-1000,1000,0)
B_COMFORT = Beta(’B_COMFORT’,0,-1000,1000,0)
B_COST = Beta(’B_COST’,0,-1000,1000,0)

# Interaction of main variables
B_TIME_RISK_T = Beta(’B_TIME_RISK_T’,0,-1000,1000,0)
B_TIME_RISK_P = Beta(’B_TIME_RISK_P’,0,-1000,1000,0)

Definition of the utility functions
V1 = ASC_TRAIN \
+B_COMFORT ∗C F _T \
+ (B_T I ME_T +B_T I ME_RI SK _T ∗ (PR_T −1))∗T T _T \
+B_COST ∗TC _T
V 2 = ASC _PL AN E\
+B_COMFORT ∗C F _P\
+ (B_T I ME_RI SK _P ∗ (PR_P −1))∗T T _P\
+B_COST ∗TC _P
V 3 = ASC _C AR\
+B_T I ME_C ∗T T _C \
+B_COST ∗TC _C

# Associate utility functions with the numbering of alternatives
V = 1: V1, 2: V2, 3: V3

AV1 = 1
AV2 = 1
AV3 = 1

# Associate the availability conditions with the alternatives
av =
{1: AV1,
2: AV2,
3: AV3}
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# Definition of the model. This is the contribution of each
# observation to the log likelihood function.
logprob = models.loglogit(V, av, CHOICE)

# Create the Biogeme object
biogeme = bio.BIOGEME(database, logprob)
biogeme.modelName = ’Final_basis_model’

# Calculate the null log likelihood for reporting.
biogeme.calculateNullLoglikelihood(av)

# Estimate the parameters
results = biogeme.estimate()

# Get the results in a pandas table
pandasResults = results.getEstimatedParameters()
print(pandasResults)
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Estimation report of base model with main interactions
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Final model
import pandas as pd
import biogeme.database as db
import biogeme.biogeme as bio
from biogeme import models
from biogeme.expressions import Beta

Read the data
df = pd.read_csv(’C:/Users/mauri/OneDrive/Documenten/TIL5060 TIL thesis/Data survey/Volledige_dataset_download/
Main_choice_gecombineerd/Modellen_biogeme/Volledige_data_gecombineerd_omgezet_met_socio_new.dat’,
sep=’\t ′)d at abase = db.Dat abase(′mai n_choi ce_vol ledi g ′,d f )
The following statement allows you to use the names of the
variable as Python variable.
globals().update(database.variables)

Parameters to be estimated
ASC_CAR = Beta(’ASC_CAR’,0,-1000,1000,1)
ASC_TRAIN = Beta(’ASC_TRAIN’,0,-1000,1000,0)
ASC_PLANE = Beta(’ASC_PLANE’,0,-1000,1000,0)
B_TIME_T = Beta(’B_TIME_T’,0,-1000,1000,0)
B_TIME_C = Beta(’B_TIME_C’,0,-1000,1000,0)
B_TIME_P = Beta(’B_TIME_P’,0,-1000,1000,0)
B_COMFORT = Beta(’B_COMFORT’,0,-1000,1000,0)
B_COST = Beta(’B_COST’,0,-1000,1000,0)

Interactions
B_TIME_RISK_T = Beta(’B_TIME_RISK_T’,0,-1000,1000,0)
B_TIME_RISK_P = Beta(’B_TIME_RISK_P’,0,-1000,1000,0)

Socio-demographic interactions
B_AGE_COST_20_40 = Beta(’B_AGE_COST_20_40’,0,-1000,1000,0)
B_AGE_COST_40_65 = Beta(’B_AGE_COST_40_65’,0,-1000,1000,0)
B_AGE_COST_65_AND_OLDER = Beta(’B_AGE_COST_65_AND_OLDER’,0,-1000,1000,0)

B_GENDER_PR = Beta(’B_GENDER_PR’,0,-1000,1000,0)

B_EDU_HBO_PR = Beta(’B_EDU_HBO_PR’,0,-1000,1000,0)
B_EDU_WO_PR = Beta(’B_EDU_WO_PR’,0,-1000,1000,0)
B_EDU_OTHER_PR = Beta(’B_EDU_OTHER_PR’,0,-1000,1000,0)

Travel behaviour interactions
B_PAYMENT_WORKEDU_COST = Beta(’B_PAYMENT_WORKEDU_COST’,0,-1000,1000,0)

B_COMPANY_PR_FRIENDS = Beta(’B_COMPANY_PR_FRIENDS’,0,-1000,1000,0)
B_COMPANY_PR_PARTNER = Beta(’B_COMPANY_PR_PARTNER’,0,-1000,1000,0)
B_COMPANY_PR_OTHER = Beta(’B_COMPANY_PR_OTHER’,0,-1000,1000,0)

B_PURPOSE_WORK_TIME = Beta(’B_PURPOSE_WORK_TIME’,0,-1000,1000,0)
B_PURPOSE_OTHER_TIME = Beta(’B_PURPOSE_OTHER_TIME’,0,-1000,1000,0)

B_4_OR_MORE_PR = Beta(’B_4_OR_MORE_PR’,0,-1000,1000,0)

B_PREF_TRAIN_T = Beta(’B_PREF_TRAIN_T’,0,-1000,1000,0)
B_PREF_CAR_T = Beta(’B_PREF_CAR_T’,0,-1000,1000,0)
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B_PREF_TRAIN_P = Beta(’B_PREF_TRAIN_P’,0,-1000,1000,1)
B_PREF_PLANE_P = Beta(’B_PREF_PLANE_P’,0,-1000,1000,0)
B_PREF_CAR_P = Beta(’B_PREF_CAR_P’,0,-1000,1000,1)

B_PREF_TRAIN_C = Beta(’B_PREF_TRAIN_C’,0,-1000,1000,0)
B_PREF_PLANE_C = Beta(’B_PREF_PLANE_C’,0,-1000,1000,1)
B_PREF_CAR_C = Beta(’B_PREF_CAR_C’,0,-1000,1000,0)

Definition of the utility functions
V1 = ASC_TRAIN + (B_PREF_TRAIN_T * (TRAIN_400_600 + TRAIN_800_1200) + B_PREF_CAR_T * (CAR_400_600
+ CAR_800_1200))
+ B_COMFORT * CF_T
+ ((B_TIME_T + (B_PURPOSE_WORK_TIME * WORK)) + (B_TIME_RISK_T + B_GENDER_PR + (B_EDU_HBO_PR
* HBO + B_EDU_WO_PR * WO + B_EDU_OTHER_PR * EDU_OTHER) + (B_COMPANY_PR_FRIENDS * WITH_FRIENDS
+ B_COMPANY_PR_PARTNER * WITH_PARTNER + B_COMPANY_PR_OTHER * WITH_OTHER) + (B_4_OR_MORE_PR
* (TRAVEL_4_7 + M8_OR_MORE))) * (PR_T - 1)) * TT_T
+ (B_COST + (B_AGE_COST_20_40 * AGE_20_40 + B_AGE_COST_40_65 * AGE_40_65 + B_AGE_COST_65_AND_OLDER
* AGE_65_AND_OLDER) + (B_PAYMENT_WORKEDU_COST * WORK_EDU)) * TC_T

V2 = ASC_PLANE + (B_PREF_TRAIN_P * (TRAIN_400_600 + TRAIN_800_1200) + B_PREF_PLANE_P * (PLANE_400_600
+ PLANE_800_1200) + B_PREF_CAR_P * (CAR_400_600 + CAR_800_1200)) + B_COMFORT * CF_P + ((B_TIME_RISK_P
+ B_GENDER_PR + (B_EDU_HBO_PR * HBO + B_EDU_WO_PR * WO + B_EDU_OTHER_PR * EDU_OTHER) +
(B_COMPANY_PR_FRIENDS * WITH_FRIENDS + B_COMPANY_PR_PARTNER * WITH_PARTNER + B_COMPANY_PR_OTHER
* WITH_OTHER) + (B_4_OR_MORE_PR * (TRAVEL_4_7 + M8_OR_MORE))) * (PR_P - 1)) * TT_P
+ (B_COST + (B_AGE_COST_20_40 * AGE_20_40 + B_AGE_COST_40_65 * AGE_40_65 + B_AGE_COST_65_AND_OLDER
* AGE_65_AND_OLDER) + (B_PAYMENT_WORKEDU_COST * WORK_EDU)) * TC_P

V3 = ASC_CAR + (B_PREF_TRAIN_C * (TRAIN_400_600 + TRAIN_800_1200) + B_PREF_PLANE_C * (PLANE_400_600
+ PLANE_800_1200) + B_PREF_CAR_C * (CAR_400_600 + CAR_800_1200)) + (B_TIME_C + (B_PURPOSE_WORK_TIME
* WORK)) * TT_C
+ (B_COST + (B_AGE_COST_20_40 * AGE_20_40 + B_AGE_COST_40_65 * AGE_40_65 + B_AGE_COST_65_AND_OLDER
* AGE_65_AND_OLDER) + (B_PAYMENT_WORKEDU_COST * WORK_EDU)) * TC_C
Associate utility functions with the numbering of alternatives
V = {1: V1, 2: V2, 3: V3}

AV1 = 1
AV2 = 1
AV3 = 1

# Associate the availability conditions with the alternatives
av =
{1: AV1,
2: AV2,
3: AV3}

# Definition of the model. This is the contribution of each
# observation to the log likelihood function.
logprob = models.loglogit(V, av, CHOICE)

# Create the Biogeme object
biogeme = bio.BIOGEME(database, logprob)
biogeme.modelName = ’Final_basis_model’

# Calculate the null log likelihood for reporting.
biogeme.calculateNullLoglikelihood(av)
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# Estimate the parameters
results = biogeme.estimate()

# Get the results in a pandas table
pandasResults = results.getEstimatedParameters()
print(pandasResults)
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Estimation report of final model
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E
Survey

This appendix shows the survey as made in the MWM2 (Crowdtech) software. Note that for the rating, main
choice 400-600km and main choice 800-1200km only block 1 is used. The full design can be found in the
Ngene design in appendix B.
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Abstract

COVID-19 had (and still has) a huge impact on travel behaviour. Most
research on the effects of COVID-19 on travel behaviour is based on daily
travel behaviour. Long-distance travel is most of the time not included.
Therefore, this paper studies the impact of perceived COVID-19 risk
on mode-choice for long-distance travel in Europe. This paper uses a
Stated-Preference approach which consists of two parts, the perceived
risk rating experiment and the main mode choice experiment. In total
1147 responses were collected. In the rating experiment, respondents
rated their perceived risk based on eight attributes. In the main choice
experiment, respondents chose between train, plane and care based on
travel time, travel cost, travel comfort and perceived risk. With this,
the Value of Risk (VoR) for a decrease in perceived risk is derived,
both expressed in travel cost and travel comfort. Moreover, the Willing-
ness to Pay (WtP) for comfort and Value of Time (VoT) are derived.
With the combination of both models, the WtP for risk attributes given
a perceived risk level are derived. The combination of both models
shows the Willingness to Pay values for the different risk attributes,
given a certain perceived risk level. To test the influence of perceived
risk on modal split, three routes with real world values are used. The
results implicate a maximum of 5% market share difference possible. This
shows that perceived COVID-19 has a moderate effect on modal split.
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1 Introduction

The new coronavirus (SARS-CoV-2) (from now: COVID-19) is an ongoing
global pandemic that is considered one of the worst post-World War II pan-
demics that affects the world surpassing both MERS and SARS outbreaks
(Matiza, 2020). Based on rising infection rates in China and then to over the
world, the WHO Emergency Committee declared a global health emergency
on January 30, 2020 (Velavan and Meyer, 2020). Countries have taken sev-
eral measures to reduce the number of infections; some of these measures were
restrictions from entering other countries, the closing of restaurants/bars and
measures during the trip (like a face mask or negative test). Because of these
measures, COVID-19 has a huge impact on travel behaviour (De Vos, 2020).

One of the elements of travel behaviour is mode choice. It is determined by
a lot of factors that are often interrelated to each other to a smaller or larger
extent (De Witte, Hollevoet, Dobruszkes, Hubert, and Macharis, 2013). Quite
some research is done on the effects of mode-choice, mainly focusing on daily
(short-distance) travel behaviour (Buehler, 2011; Atasoy, Glerum, and Bier-
laire, 2013; De Witte et al., 2013). However, long-distance travel behaviour is
often excluded from the analysis. At the same time, over 50% of the passenger-
kilometers travelled come from long-distance travel (Aamaas, Borken-Kleefeld,
and Peters, 2013). Several studies researched the main drive for passengers to
choose a certain mode for long-distance travel in Europe. The main finding of
these studies was that travel time seems to be the most important factor (van
Goeverden, 2009). Important other factors are travel cost, comfort, reliability,
access & egress time and number of interchanges (Román, Espino, and Mart́ın,
2010).

Several papers researched the effects of COVID-19 infection on mode-
choice, but the focus was on short-distance travel. Abdullah, Dias, Muley, and
Shahin (2020) found that people tend to use less public transport services
and more private cars during the pandemic. There was a shift found to active
modes as well. Moreover, sanitisation measures and social distancing charac-
terise the perception of safety and, therefore, the willingness to use public
transport services (Aaditya and Rahul, 2021). According to de Haas, Faber,
and Hamersma (2020) in the Netherlands, around 80% of the people reduced
their activities, with an increase from 6% of the people working at home to
39%. For public transport, there was a drop in usage of 90%. Shamshiripour,
Rahimi, Shabanpour, and Mohammadian (2020) noticed that people tend to
shift more to individual and active modes (e.g., walking or cycling) of travel
or not travelling at all. Another possible reason for the reduction of travel by
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public transport is that people believe that public transport is an unhygienic
place, with a high chance of infection with viruses (Troko et al., 2011).

At this stage, most of the COVID-19 measures are gone. Partly this is a
consequence of the omicron-variant of the COVID-19 virus (Chen, 2022). Thus,
lower hospitalisation rates can be found. The Dutch society accepted to ’live’
with COVID-19 because COVID-19 will not fully be gone. By definition, a lot
of different people are transported at the same time in PT systems; therefore,
the virus can relatively easy be transmitted among travellers. To illustrate this,
Krishnakumari and Cats (2020) found that, on average, a person interacts with
1200 other people on a single trip in the metro system network of Washington
D.C. Now, it seems evident that measures were (and still are) taken in order
to reduce the number of infections and mitigate the public health crisis.

To study the (risk) effects of COVID-19 on mode-choice, a new variable
is introduced: perceived risk. Perceived risk is the risk people perceive during
their trip of getting infected with COVID-19. It is often defined as the perceived
likelihood of getting the disease times the perceived severity of the symptoms
(Karlsson et al., 2021). For this study, however, perceived risk consists on
mode-related and destination-related attributes. Perceived risk does also have
an emotional dimension like worry and fear (Loewenstein, Weber, Hsee, and
Welch, 2001). Potentially, people will change their travel behaviour (and thus
mode-choice) due to these factors as well as other factors of their trip. The
outcome of this study could be beneficial in transport planning and policy-
making during health crises. Providers of PT services (like airlines or rail
operators) can use the information the optimise their services and operations.

This work contributes to the scientific literature because it is one of the first
to examine the effects of COVID-19 on modal-split for long-distance travel in
Europe. This is studied using a mode choice experiment with Stated-Preference
data. In addition, a perceived risk rating experiment is done to determine the
factors that influence the perception of risk posed by a COVID-19 infection.
Using a modified variant of the HII methodology, combining both models gives
additional insights, such as the Value of Risk (Willingness to Pay for reduction
in risk). On data acquired from a sample of 1147 (predominantly regular) train
passengers recruited in the Netherlands, this method is used and model results
are provided.

2 Methodology

Perceived risk due to COVID-19 is complicated to measure, with several ele-
ments/attributes that could contribute to this perceived risk. These attributes
possibly weigh different for each individual. Therefore, perceived risk is a
complex variable, its score is determined by other variables (Molin, 2020).
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2.1 Hierarchical Information Integration (HII) theory

This research uses the Hierarchical Information Integration (HII) theory
which was introduced by Louviere (1984). This theory is used when decision-
makers are confronted with many attributes. Decision-makers categorise these
attributes into ’decision constructs’. Decision-makers (respondents) trade-
off attributes that belong to such a ’decision-construct’ in the first (sub)
experiment, the ’rating’ experiment. Then in the ’bridging’ experiment,
decision-makers make a trade-off between the construct evaluations that are
done in the ’rating’ experiment (Molin, 2020). For this study, an adapted ver-
sion of the classical HII experiment is used, with only one ’decision construct’,
to determine perceived risk. Estimating the ’rating’ model allows for predict-
ing the perceived risk. Then in the main choice experiment, the perceived risk
attribute is shown among the other attributes that are defined. This is not a
true ’bridging’ experiment as in a conventional ’bridging’ experiment more sub
experiments for the decision constructs are used; in this research; however, only
one. Molin and van Gelder, (2008) showed that this approach is successful.

2.2 Perceived risk rating experiment

The objective of the perceived risk rating experiment is to determine to what
degree COVID-19 infection risk variables impact the perceived risk rating of a
train or plane trip. To do this, respondents will be asked to score their perceived
risk for various trip combinations (by either train or plane). This risk rating is
affected by several variables. The determinants/attributes are based mainly on
the papers of Dryhurst et al. (2020), Mertens, Gerritsen, Duijndam, Salemink,
and Engelhard (2020), Tirachini and Cats, (2020) and Leppin and Aro (2009).
All attributes do have four levels. The first four attributes are mode-related
attributes. The last four attributes are destination-related attributes.

1. On-board crowding: This is specified as the percentage of seats occupied
on-board of the vehicle/plane. The levels are: 25% of the seats occupied,
50% of the seats occupied, 75% of the seats occupied and 100% of the seats
occupied.

2. Face mask policy: This is the policy on-board the vehicle whether or
not or which mask is mandatory. The attribute levels are a representation
of the masks available. The four levels are: no mask mandatory, any face
mask mandatory, at least a surgical (type II) mask mandatory or at least
an FFP2 mask mandatory. Every increase in the level of the type of mask
gives better protection.

3. Cleaning policy: This is policy the train company or airlines has regarding
cleaning. The four levels are: same cleaning policy as before COVID-19,
increased cleaning policy (focus on touching points), weekly disinfection of
the whole vehicle and daily disinfection of the whole vehicle. The levels
are based on several policies that airlines and rail companies implemented
during the pandemic.
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4. Air conditioning/ventilation: This attributes is about the type of venti-
lation or air conditioning is on-board the vehicle or plane. The levels are no
ventilation and air conditioning, only ventilation, air conditioning without
HEPA filters and air conditioning with HEPA filters.

5. Travel requirements: Several policies are implemented within Europe,
like 3G or 2G. The following levels were chosen, they reflect different
policies within Europe: no mandatory requirements, either testing, vacci-
nation or recovery proof required (3G-rule), only vaccination or recovery
proof required (2G-rule), and vaccination or recovery + testing required or
booster required (2G+-rule).

6. Infection rate: The infection rate levels do reflect different time moments
during the pandemic. The levels are: 100 positive tests per day (reflects the
situation of the summer of 2020 or in June 2021), 10.000 positive tests per
day (reflects the situation of November 2020 and July 2021), 25.000 tests
per day (reflects the situation of November 2021) and 100.000 positive tests
per day (fictitious situation).

7. Vaccination rate: The levels reflect the vaccination rates in different Euro-
pean countries. The levels are from December 2021: 15% vaccination rate
(level as in Bulgaria), 30% vaccination rate (level as in Romania), 70% vac-
cination rate (level as in the Netherlands and EU average), 90% vaccination
rate (level as in Portugal).

8. Travel advice: These are the travel advice from the Dutch government
(Rijksoverheid, 2021). The levels are: green, yellow, orange and red travel
advice.

Ngene is used as the software to generate choice sets (the experimental
design). There is no prior information available for the rating experiment.
This is required in order to create efficient designs. An orthogonal design is
chosen because it seeks an attribute level balanced design, this means that the
attribute levels occur the same number of times in the option sets. It is decided
to do an unlabeled experiment. The rating experiment will only be conducted
for train and plane modes. To simplify, there is no differentiation inside the
rating experiment. This suggests that people are either taking the train or
flying. The rating experiment makes no difference between these modes. As a
consequence, the choice sets may be constructed in a sequential order. Ngene
generates an orthogonal design with 20 rows. Four blocks are used within
the design and each respondent is given five questions to assess their level of
perceived COVID-19 risk. An example of the presented rating experiment can
be found in figure 1.
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Fig. 1 Example of rating experiment

2.3 Main choice experiment

The main goal of the main (mode) choice experiment is to study how per-
ceived risk is weighted against other factors, such as for example travel cost,
while making mode choice decisions. In this case, perceived risk is an inde-
pendent variable amongst the other main variables. The determinants of the
main choice experiment are travel time, travel cost, travel comfort and per-
ceived risk. All attributes do have three levels. The attributes of travel time
and travel cost are varied for all modes. As there are two distance classes, in
total there are six attribute levels per mode. Travel comfort and perceived risk
are only varied for plane and train. Perceived risk and travel comfort are not
varied for car. This is because it is assumed that respondents are not shar-
ing their car with strangers. As a consequence, perceived risk in the car is
always very low. For travel comfort, it is assumed that people ’own’ the same
car within the experiment. Therefore, the comfort of the car does not change;
thus, the levels of comfort are not varied. The attribute levels can be found in
table 1 & 2. For every attribute it is shortly explained why this is included in
the main choice experiment.

Travel cost: One of the most important variables in travel behaviour
research, and (almost) always included within stated (mode) choice experi-
ments. Trip cost does refer to the cost of making a trip. This can be either
the ticket price or the total price for driving the car (fuel + any additional
cost). Travel cost is often used in choice experiments to retrieve the willing-
ness to pay for improvements in one of the other attributes of interest. In
the case of this research, trade-offs regarding COVID-19 risk are of interest
regarding mode-choice for long-distance travel within Europe. From literature,
it can be concluded that travel cost is one of the most important variables
for mode-choice on long-distance travel (van Goeverden, 2009; Román et al.,
2010; Dobruszkes, Dehon, and Givoni, 2014).

Travel time: This variable/attribute is also (almost) always taken into
account in studies regarding mode-choice (Morikawa, Ben-Akiva, and McFad-
den, 2002; van Goeverden, 2009; Román et al., 2010). Some studies refer to
the total travel time (thus including access, egress, transfer and waiting time).
Other studies only refer to the in-vehicle time. In this study, the total travel
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time will be used. This includes in-vehicle time and transfer time (if this
applies). Access and egress are incorporated in the total travel time in this
study. This is done in order to keep alternatives simple and understandable
for the respondents.

Travel comfort: Travel comfort is also an important factor regarding
mode choice for long-distance travel. Román et al. (2010) included comfort as
an attribute in their research. The willingness to pay increased if the level of
comfort was lower. Furthermore, they found that increased levels of comfort in
the aircraft did decrease the perception of time. Train companies and airlines
do offer different levels of comfort by distinguishing travel classes. For plane,
often, there is a choice between economy class and business class. For the train,
this is mostly 2nd class and 1st class.

Perceived risk: Perceived risk is the last attribute that will be included
in the main choice experiment. This attribute is directly connected with the
rating experiment. In the rating experiment, respondents did rate the risk
of getting infected with COVID-19 on their train or plane journey based on
eight factors. Respondents rated their journey on a Likert scale with 1-very
low, 2-low, 3-medium, 4-high and 5-very high. In the main choice experiment,
perceived risk is an attribute amongst the other main attributes. As all levels
in the main choice experiment do have three levels, perceived risk does have
three levels as well. Therefore, the levels are 1-low, 3-medium and 5-high.

Table 1 Travel time & travel cost values

Travel time
400-600 km 800-1200km
# levels Mode Value attribute levels # levels Mode Value attribute levels

3

Train
180 min 3h

3

Train
360 min 6h

270 min 4.5h 540 min 9h
360 min 6h 720 min 12h

Airplane
180 min 3h

Airplane
240 min 4h

240 min 4h 300 min 5h
300 min 5h 360 min 6h

Car
270 min 4.5h

Car
600 min 10h

390 min 6.5h 780 min 13h
510 min 8.5h 960 min 16h

Travel cost
400-600 km 800-1200km
# levels Mode Value attribute levels # levels Mode Value attribute levels

3

Train
30 euro

3

Train
50 euro

165 euro 200 euro
300 euro 350 euro

Airplane
50 euro

Airplane
50 euro

175 euro 225 euro
300 euro 400 euro

Car
80 euro

Car
100 euro

115 euro 150 euro
150 euro 200 euro

Table 2 Travel comfort & perceived risk levels

Travel comfort
# levels Mode Value attribute levels

2
Train 2nd class

1st class

2
Airplane Economy

Business
1 Car Same level

Perceived risk
# levels Mode Value attribute levels

3 Train
1-Very low
2-Medium
3-Very High

3 Airplane
1-Very low
2-Medium
3-Very High

1 Car 1-Very low

In this part, the included socio-demographic attributes and the travel
behaviour questions are discussed.

Age: Is one of the most common used socio-demographic variables. Several
papers and research did look include this into their research: Buehler and Nobis
(2010), Hensher and Rose (2007), Paulssen, Temme, Vij, and Walker (2014),
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Román et al. (2010). Often different age groups do have different preferences
for certain modes.

Gender: This socio-demographic variable is also a very common vari-
able to include in stated-choice experiments. Almost all studies include this
socio-demographic variable (Buehler and Nobis 2010; Hensher and Rose 2007;
Paulssen et al. 2014; Román et al. 2010; Johansson, Heldt, and Johansson
2006). With this variable, it can be analysed if women and men do have do have
different preferences regarding the variables in the main choice experiment,
this could be for example in the preference for a certain mode.

Income: Also an important socio-demographic variable to take into
account. It is not always clear how this income is asked in the survey. Some
papers ask about dispensable income, while at the same time other papers ask
for gross income (Buehler and Nobis 2010; Hensher and Rose 2007; Paulssen et
al. 2014; Román et al. 2010; Johansson et al. 2006). For this study, the gross-
income is used. As it is expected that higher income influences mode-choice,
this variable is included in the model. It is expected that higher income will
increase the willingness to pay for the attributes, like time and comfort for
example.

Work status: Hensher and Rose (2007) included this variable in their
research in order to check if the sample was representative, but they did not
include this in the model specification. However, for this study it is included
in the model specification as well.

Education level: Socio-demographic variable that is often included in
models as well. Johansson et al. (2006) stated that they previously did not find
any literature on including education level for long-distance travel; however,
in his research, it turned out to be significant. Education level is also expected
to have an influence on mode-choice and, therefore, is included in the model.

Travel frequency: This variable is sometimes included in research. Several
research included this such as Román et al. (2010), Van Loon and Rouwendal
(2013) & Nieto-Garćıa, Muñoz-Gallego, and Gonzalez-Benito (2020). For this
research, this attribute will be included to test whether travel frequency of
respondents influences perceived risk.

Preferred travel mode: Hensher and Rose (2007) included the preferred
travel mode in their study. For this mode-choice research, it is interesting to
see if the preferred travel mode influences the mode choice. It is expected
that people will stick to their main preferred mode when making a choice. In
this research, it will be questioned for both the 400-600km and 800-1200km
distance classes.

Payment: This attribute is included in order test whether the value of
time values changes when payment is done by the respondents or by someone
else, or education/work. Kouwenhoven et al. (2014) found significant different
in the VoT values for different purpose of work.

Trip purpose: Both Buehler and Nobis (2010) and Román et al. (2010)
included trip purpose in their research, and for both studies this turned out to
be an important factor. Often willingness to pay for business trips is higher (as
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the respondent does not pay by him or herself) than for leisure trips. Therefore
this will also be taken into account in this research. However, this is not done
in the same manner as in these studies. In this research, people are asked if
they pay for themselves or if someone else is paying for their trip. In this case,
it can still be analysed if the willingness to pay is higher if respondents do not
have to pay for themselves.

Travel company: A study done by Mertens et al. (2020) showed that
risk for family and loved ones, was one of the most important predictors for
COVID-19 fear. Therefore it is included also in this research, to test whether
travel company contributes to perceived risk.

For the main choice experiment, an efficient design is chosen. An efficient
design results in fewer choice sets for the survey than an orthogonal design.
In this case, there is prior information available; however, not for all four
variables. Therefore a Bayesian D-efficient design is chosen, so the prior values
can differ around the mean. Ngene finds an efficient design with only ten rows.
It is chosen to go for a design with 12 rows as this number can be divided by
three. The reason for this is the fact that 12 choice sets give more information.
As the main choice is divided into two distance classes, this gives in total eight
main choice questions for the respondents. An example of the main choice
experiment is shown in figure 2.

Fig. 2 Example of main choice experiment question (in Dutch)

3 Characteristics of the sample

The intended target group is a representative sample of the Dutch popula-
tion. Data was collected in several ways: by sharing the link of the survey on
social media platforms, by sharing the link to colleagues and by distributing
the survey to the customer panel of NS, the Dutch Railways. The survey was
open for a response from the 8th of February to the 8th of March. Cooper-
ation with NS was done. The survey was also distributed to their panel. In
total, the survey was sent to 5000 people. In total, 938 respondents took part
in the survey and fully completed the survey. This is a response rate of 18.7%.
Moreover, the link to the survey was distributed among friends, family, and
colleagues and through social media platforms like LinkedIn, Instagram, and



10 M.M. van Dalen

the Royal HaskoningDHV C-Infra department). This resulted in a total of 209
completed responses. All in all, the total number of completed responses of
this survey was 1147, which is way above the minimum needed respondents.
The sample consists mainly of highly educated people and people with high
income. For age and gender, the sample approximates the Dutch population.
The consequence of the higher incomes and higher education is that presum-
ably the Value of Time and Willingness to Pay values are overestimated. The
frequencies, percentages and percentages from CBS can be found in table 3.

Table 3 Characteristics of the sample

Socio-demographic variable Category Frequency Percentage sample Percentage CBS
Age 0-19 27 2.4% 21

20-40 261 23.1% 25% / 34%1

40-65 418 36.9% 34% / 43%1

65 to 80 371 32.8% 15% / 19%1

80+ 55 4.9% 5% / 6%1

Total 1132
Gender Female 547 49.0% 50.3%

Male 569 51.0% 49.7%
Total 1116

Income €10.000 77 8.5% 13.6%
€10.000-€20.000 85 9.4% 23.3%
€20.000-€30.000 117 12.9% 18%
€30.000-€40.000 156 17.2% 14.7%
€40.000-€50.000 141 15.5% 10.9%
€50.000-€100.000 247 27.2% 16.5%
€100.000-€200.000 76 8.4% 2.6%
€200.000 or more 10 1.1% 0.4%
Total 909

Education Basisonderwijs 7 0.8% 8.3%
Vmbo-b/k, mbo1 22 2.4% 10.7%
Vmbo-g/t, vwo-onderbouw 65 7.0% 8.4%
Mbo2, mbo3 en mbo4 119 12.9% 26.6%
Havo, vwo 93 10.0% 9.5%
Hbo-,wo-bachelor 258 27.9% 21.9%
Hbo-,wo-master, doctor 323 34.9% 13%
Do not know 39 4.2% 1.7%
Total 926

4 Model estimation

For the rating experiment, respondents rated their perceived risk of COVID-19
based on a Likert scale. A Likert scale is a method for interrogating data that
is difficult to quantify and providing it with an ordinal level of measurement
(Joshi, Kale, Chandel, and Pal, 2015). Therefore it is widely used in question-
naires and surveys. It was chosen to go for a five-point scale, as this is easy
for respondents to rate. The rating is analysed using a linear regression model.
The data is analysed with IBM SPSS statistics 26.0. The following regression
formula is for the perceived risk rating.

PRCOV ID−19 = C + βRA ∗RA+ βV R ∗ V R+ βLF ∗ LF
+βINFECT1 ∗ INFECT1 + βINFECT2 ∗ INFECT2

+βINFECT3 ∗ INFECT3 + βV L ∗ V L+ βNH ∗NH
+βHP ∗HP + β3G ∗ 3G+ β2G+ ∗ 2G+ +βAM ∗AM
+βFFP2 ∗ FFP2 + βGEN ∗GEN + βHBO ∗HBO

+βWO ∗WO + βINC20−40
∗ income20−40

C = constant, RA = Red travel advice, VR = vaccination rate, LF = load
factor, INFECT1= 10.000 infections. INFECT2 = 20.000 infections, INFECT3



M.M. van Dalen 11

= 100.00 infections, VL = ventilation only, NH = air conditioning no HEPA
filter, HP = air conditioning with HEPA filter, 3G = 3G policy, 2G+ = 2G+
policy, AM = any mask, FFP2 = FFP2 mask mandatory, GEN = gender,
HBO = HBO education level, WO = university education level, INC20−40 =
income between €20.000 and €40.000.

4.1 Results regression

The results of linear regression give several implications. In total, eight main
attributes are included in the regression model, two of them are ratio scales,
and six of them are ordinal scales. All the ordinal scale variables are dummy
coded. In total, there are 20 main parameters estimated. Also, five socio-
demographic attributes are included that are also dummy coded, ensuring a
total of 14 parameters. For the main attributes, all parameters do have the
expected sign, except 3G policy (i.e., either testing, recovery or vaccination
proof needed to travel). In this case, a negative sign would be expected as this
policy will decrease the probability of someone infected when travelling (in
comparison to the base level, with no travel requirements).

All other main parameters do have the expected sign, and there are also
insignificant main parameters. The constant is 2.8; this is the value if all
parameters are set to be zero. In this case all levels are set to the base;
respondents rate perceived risk at 2.8 (so that is around the mean value of 3).
This means that respondents, on average, rated their perceived risk with all
levels set to the base, as a little under 3-medium perceived risk. All significant
parameters are highly significant, except for the level ’25.000 infections per
day’.

Main parameters

• Travel advice: Both the yellow and orange advice parameters are not sig-
nificant, so these levels do turn not out to be different from the base level
green advice. However, red travel advice has the largest positive effect on
perceived risk with a value of 0.698.

• Vaccination rate: This is a ratio variable with a contribution of -0.007 for
every percentage point increase in vaccination rate in the country of destina-
tion. For example a vaccination rate of 50% gives the following parameter:
50×−0.007 = −0.35. When travelling to a country with a vaccination rate
of 90% (Portugal), perceived risk is decreased with -0.63 rating points.

• Load factor: This is also a ratio variable, with (almost) the same but
opposite contribution of vaccination rate. The value of this parameter is
0.006. A load factor of 75% would lead to 70 × 0.006 = 0.42 increase in
rating points. A load factor of 100% would lead to an increase of 0.6 points
on perceived risk.

• Infections: There is some counter-intuitive outcome, as 10.000 tests per
day contribute more (with a value of 0.252) to perceived risk than 25.000
tests per day (with a value of 0.123). A reason could be that respondents
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find it hard to imagine what the difference in levels means. INFECT2 is
also just significant (or just insignificant) on the 5% level (p-value of 0.051).
The highest level, i.e., 100.000 tests per day, has the highest contribution
of the dummy variables. This is in line with expectations. It also has the
second-highest contribution of the attributes, with a value of 0.495.

• Ventilation/air conditioning: All dummy variables turn out to be sig-
nificant. Only ventilation has the highest contribution to the decrease in
perceived risk with a value of -0.405. This is in line with expectations as
there was a focus from society on ventilation. Therefore it could be expected
that people do think this is important. Air conditioning without HEPA fil-
ter has the lowest contribution of the dummies (with a value of -0.198);
again, this could be expected, as air conditioning without HEPA filters has
a lower level of protection against viruses than air conditioning with HEPA
filters. Air conditioning with HEPA filter has a higher contribution than the
previous level. The value of air conditioning with HEPA filters is -0.289.

• Travel requirements: As explained earlier, the first dummy variable 3G
policy, has a positive sign with the value of 0.144, which is not in line with
expectations. A possible explanation for this could be the fact that when
first introducing the 3G policy last summer 2021, there was an exponential
increase in infections. 2G policy is not significant. This can be explained
as the 2G policy was never introduced, and there was a lot of resistance.
Also, there effectiveness of both the 3G and 2G has been questioned and
is reduced (Mouter, Hernandez, and Itten, 2021). 2G+ is an extra level of
security in comparison to 2G, with people also needing to test even with a
vaccination or recovery proof, it turns out to be significant. This level shows
a reduction of perceived risk, with a value of -0.272.

• Face mask policy: Any face mask required and at least FFP2 face mask
required are significant. The level ’any face mask required’ has a higher
contribution (value of -0.268) than ’at least FFP2’ (value of -0.140). So the
need to put on any face mask is more important to reduce perceived risk
than having at least an FFP2 mask, according to the respondents.

• Cleaning policy: None of the dummy variables turned out to be significant.
This shows that there is no difference from the base level ’same cleaning
policy as before COVID-19’ and therefore does not reduce perceived risk.

Socio-demographic attributes

• Gender: As in line with the expectations, gender turns out to be significant
with a value of 0.088. This means that being women & ’other’ increases
perceived risk with 0.088 rating points. This is not a very high value in
comparison to other attributes, but the value is significant, so there is a
difference between men and women.

• Education: The level HBO and WO are both significant and positive. This
means in comparison to the base (MBO or lower), people with education
HBO and WO perceive the risk of COVID-19 as higher than people with
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MBO or lower education level. The value for HBO is 0.137 and for WO
0.127, so people with HBO perceive risk as a bit higher than WO.

• Income: For this attribute, there are no expectations. The levels ’income
between €20.000 and €40.000’ and ’income between €40.000 and €100.000’
and ’I do not want to say are significant. The first level has a value of 0.112,
the second level 0.168 and the last 0.259. Having an income between €20.000
and €100.000 contributes to a higher perceived risk.

• Age: The age group ’20-40’ years contributes to a lower perceived risk (in
comparison to the base ’younger than 20 years). The other two dummy
variables did not turn out to be significant. So the age groups ’40-65 years’
and ’65 years and older’ do not contribute to an increase or decrease in
perceived risk.

• Work status: All of the parameters are highly insignificant. So work status
does not influence perceived risk.

Table 4 Left: Significant attributes linear regression, right: insignificant attributes

Model Main effects Main & Socio-demographics
Main attributes Value t p-value Value t p-value
(Constant) 3.039 52.919 0.000 2.815 40.913 0.000
ADVICE3 0.698 15.412 0.000 0.702 15.620 0.000
VACC -0.006 -12.866 0.000 -0.007 -13.203 0.000
CROW 0.006 11.306 0.000 0.006 11.604 0.000
INFECT1 0.253 5.917 0.000 0.252 5.953 0.000
INFECT2 0.136 2.134 0.033 0.123 1.954 0.051
INFECT3 0.494 12.575 0.000 0.495 12.692 0.000
AIRCO1 -0.388 -5.411 0.000 -0.405 -5.684 0.000
AIRCO2 -0.193 -4.467 0.000 -0.198 -4.617 0.000
AIRCO3 -0.286 -7.419 0.000 -0.289 -7.560 0.000
REQUIRE1 0.138 2.627 0.009 0.144 2.757 0.006
REQUIRE3 -0.267 -7.424 0.000 -0.272 -7.608 0.000
MASK1 -0.261 -5.397 0.000 -0.268 -5.576 0.000
MASK3 -0.137 -3.889 0.000 -0.140 -4.005 0.000
Socio-demographic attributes Value t p-value
GENDER 0.088 3.283 0.001
HBO 0.137 4.191 0.000
WO 0.127 3.783 0.000
INCOME 20 40 0.112 2.634 0.008
INCOME 40 100 0.168 4.005 0.000
AGE 20 40 -0.095 -2.915 0.004
DO NOT SAY INCOME 0.259 5.473 0.000

R2 = 0.129 R2 = 0.143
Adjusted R2 = 0.127 Adjusted R2 = 0.140

Model Main effects Main & Socio-demographics
Main attributes Value t p-value Value t p-value
MASK2 -0.036 -1.536 0.125 -0.029 -1.240 0.215
CLEAN1 -0.004 -0.304 0.761 -0.002 -0.132 0.895
CLEAN2 -0.023 -1.074 0.283 -0.020 -0.920 0.358
CLEAN3 0.003 0.216 0.829 0.002 0.139 0.890
REQUIRE2 0.022 0.791 0.429 0.019 0.674 0.500
ADVICE1 -0.003 -0.126 0.900 -0.001 -0.056 0.955
ADVICE2 -0.021 -0.941 0.347 -0.020 -0.886 0.376
Socio-demographic attributes Value t p-value
AGE 40 65 -0.022 -1.581 0.114
AGE 65 AND OLDER 0.022 1.530 0.126
INCOME MORE 100 0.025 1.374 0.170
NOT WORKING -0.006 -0.382 0.702
STUDENT SCHOOL 0.008 0.584 0.559
RETIRED -0.009 -0.709 0.479
OTHER EDU 0.012 0.801 0.423

4.2 Results MNL model

The results of the different MNL models can be found in table 5. Looking at the
results, it can be concluded that all parameters do have the expected sign. As
all insignificant parameters have been removed, all remaining parameters are
significant at the 5% level. As a consequence of adding the interaction between
risk and time, there is no separate parameter for risk. The parameter for time
is mode dependent. However, the parameter of time for plane is insignificant,
so it is not included in the model.



14 M.M. van Dalen

Table 5 Base model, base model with main attribute interactions & final model

Model Base model Main interaction Final model
Parameter Value t p-value Value t p-value Value t p-value
ASC PLANE -0.359 -5.3 1.16e-07 -1.51 -11.3 0 -2.23 -14.1 0
ASC TRAIN 0.35 6.4 1.53e-10 -0.197 -2.52 0.0118 -0.414 -4.16 3.15e-05
B COMFORT 0.281 8.7 0 0.281 8.3 0 0.346 10.4 0
B COST -0.00306 -21.2 0 -0.00326 -23 0 -0.00973 -8.02 1.11e-15
B TIME -0.167 -26.5 0
B RISK -0.22 -22 0
B TIME C -0.168 -23.1 0 -0.194 -24.8 0
B TIME T -0.0991 -9.42 0 -0.114 -10.1 0
B TIME RISK P -0.0437 -9.9 0 -0.011 -3.55 0.000392
B TIME RISK T -0.039 -17.1 0 -0.0107 -4.32 1.57e-05
B GENDER PR -0.0217 -10.5 0
B EDU HBO PR -0.0142 -4.26 2.05e-05
B EDU WO PR -0.0237 -6.63 3.27e-11
B EDU OTHER PR -0.018 -4.99 6.05e-07
B AGE COST 20 40 0.00325 2.6 0.00932
B AGE COST 40 65 0.0064 5.18 2.23e-07
B AGE COST 65 AND OLDER 0.00723 5.88 4.17e-09
B PAYMENT WORKEDU COST 0.00223 3.18 0.00146
B COMPANY PR FRIENDS -0.00746 -2.62 0.00878
B COMPANY PR OTHER 0.0197 4.06 4.86e-05
B PURPOSE WORK TIME -0.0596 -3.98 6.82e-05
B PREF CAR C 0.496 6.3 2.97e-10
B PREF CAR T -0.268 -3.33 0.000881
B PREF PLANE P 1.04 14.5 0
B PREF TRAIN C -0.184 -2.43 0.0152
B PREF TRAIN T 0.404 5.49 3.99e-08
ρ2 0.126 0.133 0.24

• ASC plane and ASC train are both negative, so car is more preferred.
• Beta comfort is positive, beta time and beta cost and beta time are both

negative. Travel time is more negative for car than for train. For plane, time
is insignificant.

• Perceived risk is significant as an interaction with time. This means that
for longer travel times, COVID-19 risk is perceived higher. Perceived risk is
also negative and different for train and plan; however, there is a very small
difference, see table 5.

• Several interactions are significant with perceived, also on the ASCs and
travel cost.

• A preference for car has a positive contribution to the ASC of car and a small
negative contribution to train. A preference for train has a small negative
contribution on the ASC of car and a positive contribution to the ASC of
train. A preference for plane has a positive contribution to the ASC of plane.

• For travel time, only purpose work is significant. Respondents that travel
for work are more sensitive to travel time.

• For travel cost, both age and payment by work or educational institution are
significant. Higher age results in less weight to travel cost, the same counts
if the trip is payed by work the educational institution.

• For perceived risk, educational level and gender are significant. Having at
least HBO or WO education (in comparison to MBO) results in more weight
to perceived risk. Women have a higher weight to perceived risk as well.

• Increasing age results in a lower weight to travel cost.
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4.3 Interpretation of parameters

Table 6 The average respondent

Age 38
Education HBO
Gender Men & women
Trip purpose Leisure
Travel company Alone

Several interactions contribute to the differ-
ent main parameters. It is highlighted that
the WtP for perceived risk, particularly in
terms of travel costs, can vary significantly
across people of varied ages, payment, educa-
tion level and travel companies, and possibly
other unobserved background variables not
represented in this study. Therefore, the aver-
age respondent is used, based on the average
(and when not possible) on the most common
value, the values are shown in table 6.

The ’value of risk’ (VoR) is the trade-off between perceived risk and
travel cost.Using the average respondent values, the VoR values is calculated
in equation 2 & 3.

V oRin travel cost =
δU
δPR
δU
δTC

(1)

V oRmen =
−0.011− 0.142

−0.00973 + 0.00325
= 3.89 euro (2)

V oRwomen =
−0.011− 0.142− 0.0217

−0.00973 + 0.00325
= 7.24 euro (3)

The VoR for men is €3.89 per level of perceived risk per hour; for women this
is €7.24. For women this is higher due to the interaction between gender and
perceived risk. For higher travel times and higher perceived risk levels, this
value becomes equivalent 3.89/7.24*TT*PR. VoR is thus linear, there are no
quadratic components.

The trade-off between travel comfort and perceived risk does have
to following results. The VoR for men in comfort ’points’ is 0.072 (per hour);
for women, this is 0.134.

V oRin travel comfort =
δU
δPR
δU
δCF

(4)

V oRin comfort,men =
−0.011− 0.142

0.346
= 0.072 (5)

V oRin comfort,women =
−0.011− 0.142− 0.0217

0.346
= 0.134 (6)

As perceived risk is dependent of time, it is also possible to express what
comfort is ’worth’ in terms of travel time for different perceived risk levels.
The trade-off (TO) for a full reduction/increase in class, this means one full
comfort ’point’ (so 1st class ↔ 2nd class or business ↔ economy) is shown in
table 7.
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Table 7 Trade off comfort travel time

Men Women
PR level Comfort [points] TT [hours] PR level Comfort [points] TT [hours]
1 0.072 13.889 1 0.134 7.463
2 0.144 6.944 2 0.268 3.731
3 0.216 4.630 3 0.402 2.488
4 0.288 3.472 4 0.536 1.866
5 0.36 2.778 5 0.670 1.493

The value of time in transportation (economics) is the potential cost of
the time that a passenger spends on their route. In essence, this is the amount
a passenger is ready to pay to save time, or the amount they would take as
compensation for lost time. The amount of time that passengers will save is
one of the key justifications for transportation upgrades (Kouwenhoven et al.,
2014). The VoT for train has a value of €17.59 for train and €29.94 for car.

V oT =
δU
δTT
δU
δTC

(7)

V oTtrain =
−0.1140

−0.0097 + 0.0033
= 17.59 euro/hour (8)

V oTcar =
−0.194

−0.0097 + 0.0033
= 29.94 euro/hour (9)

The different VoT values found for this thesis in comparison to other stud-
ies is shown in table 8. The fact that car has a higher VoT is in line with KiM
Netherlands Institute for Transport Policy Analysis (KiM, 2020). The param-
eter of time for plane is not significant; hence, no VoT can be specified for
plane. In this study, the VoT for car is just over 2 euros more. For Kouwen-
hoven et al. (2014) there is a very small difference found between the modes.
Shires and De Jong (2009) did not find differences in VoT for train and car. It
must be noted that both KiM (2020) and Kouwenhoven et al. (2014) focused
on short distance travel, while Shires and De Jong (2009) focused on long-
distance. The average VoT found in this paper is almost the same as found in
Shires and De Jong (2009).

Table 8 VoT results of different studies

This paper KiM (2020) Van Kouwenhoven (2014) Shires and De Jong, (2009)
VoT Train 17.59 13.22 9.25

24.00
VoT Car 29.94 15.58 9.00
Average 23.77 14.40 9.13 24.00

Willingness to pay for comfort can also be interpreted from the result.
The equation for WtP for comfort for both train and plane can be found in
equation 11.

WtPcomfort =
δU
δCF
δU
δTC

(10)
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WtPcomfort =
0.346

−0.0097 + 0.0033
= 53.40 euro/class (11)

The result show the willingness to pay for an upgrade in class (so 2nd

class → 1st class or economy → business) is €53.40. No mode-specific beta
turned out to be significant, so there is no distinction between classes in train
and plane. Balcombe, Fraser, and Harris (2009) found a value of about €120,
but they agreed that this value is on the high side. A big amount of the
passengers travelling in business or 1st class is flying for business purposes
(BusinessAM, 2020). It is therefore of interest to show the willingness to pay for
business/educational travellers (respondents who’s trip is payed by company
of educational institution), the value is shown in equation 12. This shows that
the WtP for an upgrade is substantially higher.

WtPcomfort =
0.346

−0.0097 + 0.0033 + 0.00222
= 81.22 euro/class (12)

4.4 Combination results both experiment

Both the perceived risk rating experiment and the main (mode) choice exper-
iment are estimated, so now the results of both experiments can be estimated.
Within the perceived risk rating experiment, perceived risk was the dependent
variable; at the same time, it was an independent variable in the main (mode)
choice experiment. For the rating experiment, gender and education level have
a positive contribution to perceived risk. Both experiments can be combined
by using the (absolute) linear regression coefficients of the perceived risk rat-
ing experiment. Then these values are combined with the WtP values that are
just calculated. Because of the dummy coding, all different dummy variables
have an independent contribution to the value of perceived risk. The results
are shown in table 9. Respondents are willing to most for a decrease in level
of perceived when there is a risk red travel advice. In comparison to the base
(no travel advice), men are willing to pay €32.74 for a decrease in level of risk
when travelling for 12 hours; women €60.93. If men are travelling for only 6
hours, this value is half of the 12-hour value, so €16.37; for women, €30.47.
Moreover, there is a high WtP when there is a 100% load factor (men €30.17
and women €56.15). At last, 100.000 infections result in a WtP for decrease of
one level of perceived risk of €23.09 for men and €42.96 for men. The big dif-
ference between men and women is due to the significant interaction between
gender and perceived risk.
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Table 9 WtP values for the different risk factors

Men Women
PR level difference ∆level = −1 ∆level = −1
Travel time 3 6 9 12 3 6 9 12
Value e11.67 e23.33 e35.00 e46.67 e21.71 e43.43 e65.14 e86.85

Travel advice Red travel advice 0.702 e8.18 e16.37 e24.55 e32.74 e15.23 e30.47 e45.70 e60.93
Vaccination rate Parameter -0.007 e-0.08 e-0.15 e-0.23 e-0.30 e-0.14 e-0.28 e-0.42 e-0.57

15 -0.098 e-1.14 e-2.28 e-3.42 e-4.55 e-2.12 e-4.24 e-6.36 e-8.48
30 -0.195 e-2.28 e-4.55 e-6.83 e-9.11 e-4.24 e-8.48 e-12.72 e-16.95
70 -0.455 e-5.31 e-10.63 e-15.94 e-21.26 e-9.89 e-19.78 e-29.67 e-39.56
90 -0.586 e-6.83 e-13.66 e-20.50 e-27.33 e-12.72 e-25.43 e-38.15 e-50.86

Load factor Parameter 0.006 e0.08 e0.15 e0.23 e0.30 e0.14 e0.28 e0.42 e0.56
25 0.162 e1.89 e3.77 e5.66 e7.54 e3.51 e7.02 e10.53 e14.04
50 0.323 e3.77 e7.54 e11.31 e15.08 e7.02 e14.04 e21.06 e28.07
75 0.485 e5.66 e11.31 e16.97 e22.63 e10.53 e21.06 e31.58 e42.11
100 0.646 e7.54 e15.08 e22.63 e30.17 e14.04 e28.07 e42.11 e56.15

Infection rate 10.000 infections per day 0.252 e2.94 e5.88 e8.82 e11.76 e5.47 e10.95 e16.42 e21.90
25.000 infections per day 0.123 e1.44 e2.88 e4.32 e5.76 e2.68 e5.36 e8.04 e10.72
100.000 infections per day 0.495 e5.77 e11.54 e17.31 e23.09 e10.74 e21.48 e32.22 e42.96

Air conditioning Only ventilation -0.405 e-4.72 e-9.44 e-14.17 e-18.89 e-8.79 e-17.58 e-26.36 e-35.15
Airco no HEPA -0.198 e-2.31 e-4.62 e-6.92 e-9.23 e-4.29 e-8.59 e-12.88 e-17.18
Airco with HEPA -0.289 e-3.38 e-6.75 e-10.13 e-13.51 e-6.28 e-12.57 e-18.85 -25.14

Travel requirements 3G-policy 0.144 e1.68 e3.36 e5.03 e6.71 e3.12 e6.25 e9.37 e12.49
2G+-policy -0.272 e-3.17 e-6.35 e-9.52 e-12.70 e-5.91 e-11.81 e-17.72 e-23.63

Face mask policy Any face mask -0.268 e-3.12 e-6.24 e-9.37 e-12.49 e-5.81 e-11.62 e-17.43 -23.25
At least FFP2 -0.140 e-1.64 e-3.27 e-4.91 e-6.55 e-3.05 e-6.09 e-9.14 e-12.18
Socio-demographic

Gender Women 0.088 e1.03 e2.06 e3.09 e4.12 e1.92 e3.83 e5.75 e7.66
Education HBO 0.137 e1.60 e3.21 e4.81 e6.41 e2.98 e5.97 e8.95 e11.94
Income class Income €20.000 to €40.000 0.112 e1.31 e2.62 e3.92 e5.23 e2.43 e4.87 e7.30 e9.74

Income €40.000 to €100.000 0.168 e1.96 e3.92 e5.88 e7.85 e3.65 e7.30 e10.95 e14.60
Age Age 20 to 40 years -0.095 e-1.11 e-2.22 e-3.32 e-4.43 e-2.06 e-4.12 e-6.18 e-8.25

5 Influence perceived risk on market share

This research takes a broad approach to long-distance travel within Europe. To
give a clear example of what the different implications from the results mean
for real-life examples, it is chosen to go for three different cases. First, a short
route that is popular by train will be used, this is the Amsterdam - London
route. At the same time, the plane and car options are viable and popular as
well. The second route is Amsterdam - Berlin. This route has all three modes
as viable options. This route is popular by train as there is a direct connection.
At third, a longer route is chosen to see the difference between a shorter and
longer routes. In order to look at the influence of perceived risk on the modal-
split, real-world values for travel time, travel cost and comfort are being used
for these routes. Then, the perceived risk levels are varied so that the influence
can be discussed.

Amsterdam - London: For this route, the maximum market share dif-
ferences are as follows. When perceived risk in the train increases from 1 to 5
and the plane stays at level 1, train loses 10% point market share for men; for
women this is 17%. Plane has 3% point decrease in market share for men; for
women this is 5% point. Car increase by 7% for men; for women this is 12%
point. This is because train has a longer travel time. Women have a higher
weight to perceived risk, therefore market shares differences are higher for
women. This is due to the fact that plane has a shorter travel time, for car
this is because there is no perceived risk. For smaller differences in perceived
risk, these market share changes are even smaller. The perceived risk levels are
complex concepts, its score is determined by a lot of factors. Therefore there
is no real such thing as risk level 1. So, these extreme changes are not realis-
tic in real life. Moreover, 4 out of the 8 factors are destination specific. In this
case, these factors do not change between modes for the same OD pair. To
make this clear, the maximum difference in perceived risk points for the same
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OD-pair will be (only considering mode-related attributes):

PRlow = 2.815− 0.405− 0.268 = 2.14

PRhigh = 2.815 + (0.006 ∗ 100) = 3.46

∆PR = 3.46− 2.14 = 1.32

In this case, when the perceived risk of train is 2 and plane 3 (to approximate
risk point 3.46 and 2.14) to train 1 and plane 3, there is only a 1 to 2% point
market share difference for men; for women this is 2 to 3% point. Thus, it
can be concluded that the influence of perceived risk is very moderate for this
route. The change for the different factors that contribute to perceived risk is
even smaller.

Amsterdam - Berlin: The maximum market share differences for this
route are a bit higher. When perceived risk in train is increasing from 1 to 5
while plane stays at 1, results in a decrease of market share for train of 16%
point for men; for women this is 27% point. Plane increases 6% point for men;
for women it increase by 10% point. Car increases by 10% point for men; for
women this is 17% point. As there is only 1.32 perceived risk level difference
possible, the maximum market share difference possible is around 1-4% point
for men; for women this is 2-7% point.

Amsterdam - Barcelona: For this route, perceived risk has a bigger
influence on the market shares. This could be expected as perceived risk is
dependent on time. The maximum market share difference for train is 21%
point decrease for men; for women this is 29% point. For men plane increases
by 17% point; for women this is 24% point. Car increases by 4% point for men;
for women this is 5% point. However, as there is only 1.32 perceived risk level
difference, the realistic effect of perceived risk is a maximum of 4-6% point for
men; for women 3-16% point.

With the 1.32 perceived risk difference, market share differences are at
maximum. For the three routes, the maximum possible market share difference
show for London a small effect of perceived risk. For the Amsterdam - Berlin
and Amsterdam - Barcelona routes, this effect becomes larger. However, the
1.32 is the maximum possible difference. For real-life trips, not all of the four
mode-related attribute will be different. So in this case, the market share
difference is smaller.

6 Conclusion

To research the effects of perceived COVID-19 infection risk, this study was
conducted. In total, 1147 respondents took part in this study. To study
whether perceived COVID-19 risk influences mode choice, the survey consisted
of two main parts, a part about socio-demographics and a part about travel
behaviour. The first part of the survey was the rating experiment. In this
part, respondents had to rate their perceived risk of infection with COVID-
19 due to several factors; four of these factors were destination-related, and
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the other four were mode-related. After this, respondents were faced with the
main (mode) choice experiment. In this experiment, respondents had to choose
between train, plane and car based on travel time, travel cost, travel comfort
(class of travel) and perceived risk (now a given value). To analyse the data,
the discrete choice modelling theory was used. At last, an adapted variant
of the Hierarchical Information Integration (HII) theory was used to combine
both of the results.

In total, eight factors were established: travel advice, vaccination rate, load
factor, infections, air conditioning, travel requirements, face mask policy and
cleaning policy. Red travel advice is the most important factor in the contribu-
tion to perceived risk. Vaccination rate and load factor do have about the same
contribution to perceived risk and are the second most important predictors
for perceived risk, but the signs are opposite. Vaccination rate has a negative
sign, load factor a positive sign. The attribute of 100.000 positive tests has
the highest contribution to the number of infections. For the ventilation/air
conditioning variables, ventilation has the highest negative contribution. This
can be explained as there was a focus on ventilation by the government to
reduce the number of infections. Regarding travel requirements, the 3G policy
has a positive contribution to perceived risk, which is counter-intuitive. This
could be explained, as with the (first) introduction of the 3G-policy, there was
a dramatic increase in number of infections. The 2G policy has no effects, but
the 2G+ policy does decrease perceived risk. When looking at the face mask
policy, having any mask is more important in the decrease of perceived risk
than having at least an FFP2 mask. The cleaning policies do not contribute
to decrease perceived risk. Regarding socio-demographic values, the following
conclusion can be taken. For this question, gender, age, income, education and
work status were added to the model. Work status does not have a contribu-
tion to perceived risk and thus does not influence perceived risk. Gender has a
positive contribution to perceived risk; hence, being woman results in a higher
(average) rating for perceived risk. The same counts for education levels’ HBO’
and ’WO’. Moreover, having an income of €20.000 and €100.000 per year also
contributes to perceived risk. When looking at age, most of the age groups did
not have a contribution to perceived risk; however, being between 20 and 40
years old leads to a decrease in perceived risk.

Travel cost becomes less important with increasing age; this means that
the cost parameter becomes less negative with increasing age. Moreover, if the
payment is made by the educational institute or work, people become less sen-
sitive to cost as well. For travel time, only travel purpose has an influence.
Travelling for work contributes to a more negative weight on travel time, so
travel time becomes more important. For travel comfort, no significant interac-
tions were found. At last, for perceived risk, both gender and travel company
turned out to be significant. Being a woman contributes to a higher weight to
perceived risk; this was also found in the rating experiment. At last, travelling
with friends contributes to perceived risk.
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The value of risk for a decrease in the level of risk for a man is €3.89 per
decrease in level per hour; for a woman, this is €7.24 per decrease in level per
hour. The gender difference is found due to a significant interaction between
perceived risk and gender. The levels of risk go from 1-very low to 5-very high.
Perceived risk depends on time; therefore, there is no trade-off in travel time.
Longer travel time leads to a higher perceived risk. It is noted that this is for
the average respondent. Different values are for different ages, travel purposes,
who pays for the trips and education levels. In terms of travel comfort, the
value of risk for men is 0.072 comfort ’points’ for one level decrease of perceived
risk per hour; for women, this is 0.134. An upgrade in travel class is worth
13.89 hours for men when perceived risk level is one; for women, this is 7.46
hours. For perceived risk level 5, a full increase in travel class is ’worth’ only
2.78 hours of travel for men; for women, 1.49 hours. The value of time found is
17.59 euro/hour for train, and 29.94 euro/hour for car. The willingness to pay
for an increase in travel class is 53.40 euros. When work or the educational
institution pays for the trip, the WtP becomes 81.22 euros.

For the three routes, the maximum possible market share difference shows a
small effect on perceived risk for London. This effect becomes more significant
for the Amsterdam - Berlin and Amsterdam - Barcelona routes. However,
as there is only a 1.32 perceived risk level difference, the realistic effect of
perceived risk is only a maximum of 2-3% market share difference for London;
however, for Barcelona this increase to 16% point. However, in this case, all
four mode-related attributes have to be at the lowest level for plane and have
to be at the highest value for train. Realistically, the differences are smaller, so
this market share difference will be smaller as well. It can thus be concluded
that risk perception of infection with COVID-19 has a moderate
influence on market share.

7 Limitations

The rating experiment is based on eight factors that together contribute to
perceived risk. However, for respondents, other attributes could be important
as well. The usage of focus groups could improve the composition of perceived
risk.

Travel cost, travel time (and comfort to a lesser extent) are the most impor-
tant variables for mode choice. Because of the main choice experimental set-up,
with perceived risk next to the other main choice attributes, travel cost, travel
time and travel comfort, an overestimation of the importance of perceived risk
is possible.

Another limitation of the research is that it did not include an opting-out
option. COVID-19 has several influences on travel behaviour.

The biggest limitation is the usage of the MNL model, as the MNL
model has some significant shortcomings. A Mixed Logit model is better as it
accommodates for the limitations of the MNL model.
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The usage of the NS panel to recruit respondents, gives a bias to the sample.
The market shares for train are very high in comparison to real world examples.

The rating of perceived risk was an integer, on a 5-points scale, based on the
chosen attributes. The experiment is on an ordinal scale, whereas the rating is
estimated on a ratio scale. There is some debate about using linear regression
to estimate the rating because the respondents gave the answers on an ordinal
scale.
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