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Executive summary
The Netherlands suffers from a traffic congestion problem, which is a cause of both economic
damages and high NOx and CO2 emissions. Today, the bus accounts for only a small percentage
of all trips made in the Netherlands (less than 4%) but the bus plays an important role as an
access and egress mode for train travellers. Short access and egress times are considered as crucial
criteria for choosing to travel by train. Thus without a proper bus network, travelling by train
will become less attractive. Furthermore the Dutch population is both growing and more mobile
than ever, but space to construct new roads is limited. These developments mean that the current
transport system in the Netherlands will not be sustainable in the future. To prepare it for the
future sustainable public transport will be essential.

However it is complicated to design a solid bus network as the public transport sector depends
heavily on subsidies. For bus operators to allocate their resources efficiently, good information
is key. Direct Ridership Models (DRMs) are rising in popularity as they can provide useful
information to bus operators. DRMs are statistical models that are able to capture the relationship
between surroundings (such as car ownership in the surrounding neighbourhood or the presence
of a university) and travel demand. This way first cut predictions can be made for new bus stop
locations. Furthermore, the expected number of travellers can be predicted for existing bus stops
when there is a change in the surroundings of the bus stop, which allows bus operators to adjust
their services accordingly.

In this study, DRMs are used to explain and predict bus ridership for the concession area
Arnhem-Nijmegen. The independent variables that are included in the models can be categorised
into three groups: demographics, built environment and level of service. Three DRMs are de-
veloped based on different regression models. One model is the commonly used OLS. The other
two models, Spatial Lag X model (SLX) and Spatial Error Model (SEM), are able to take spatial
relationships between bus stops into account.

The spatial models showed an improvement over the OLS model in terms of explanatory
power. With 34 independent variables, the OLS model could explain 71.4% of the bus ridership.
The SEM was able to explain 72.4% and the SLX 73.4%. But more importantly, some of the
independent variables that were found significant related to ridership in the OLS model turned
out to be not significant in the SEM model, of which car ownership was the most surprising
one. For Arnhem-Nijmegen, it could be further looked into if the transportation by bus to parks,
sport facilities, amusement parks and hospitals could be facilitated more to increase the bus usage
as these variables are found to influence bus ridership significantly. Furthermore, it should be
examined why P+R’s are not found to affect bus ridership significantly.

The prediction accuracy of the OLS model and the SLX model was also studied. The pre-
dictions of the SLX model turned out to be more accurate, but in general the prediction results
were not satisfying. For more than half of the bus stops in Arnhem-Nijmegen, the predicted value
of the SLX model was 50% more or 50% less than the actual value. The reason for this is the
existence of non-stationary relationships, which means that the relations between ridership and
the independent variables can vary based on the locations of the stops. This study contained bus
stops in urban areas and in rural areas and it can be expected that for example the influence of a
hospital in a village on bus ridership is smaller than the influence of a hospital in a city.

In this study, the existence of non-stationary relationships between regions is demonstrated
while studying if a DRM based on Arnhem-Nijmegen can be generalised to the region Groningen-
Drenthe. It turned out residential land-use has more influence on bus ridership in Groningen-
Drenthe while hospitals and universities have a higher impact on ridership in Arnhem-Nijmegen.
The non-stationary relationships make it not advisable to generalise the DRM based on Arnhem-
Nijmegen to different regions.

In scientific literature, nothing has been written about the practical applications of DRMs for
policy makers. As it was assumed DRMs can be useful for policy makers, three policy makers were
interviewed for their insights on the applications. One of the application mentioned is preventing
unsafe traffic situations, as DRMs allow to update ridership predictions when circumstances around
the bus stop change. For example, when a bus stops is designed for a low number of travellers
and a new neighbourhood is developed close to it, the increase in travellers could result in unsafe
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situations. With a DRM the increase in travellers can be predicted, which makes it possible to
redesign the bus stop. Other applications that were identified in the interviews are: examining
if a bus stop is performing below its potential and substantiating plans for new routes, new stop
locations and relocating bus stops. Overall, the benefit of DRM is widely acknowledged and in
combination with personal expertise, it could lead to optimised decision making.

In the end, it is demonstrated how a DRM can be used to identify bus stops which do not
fulfil their potential and suggestions are provided how the number of rides can be increased. The
stops Europalaan in Renkum, Kerkstraat in Weurt and Beemdstraat, Fransestraat & Hatertseweg
in Nijmegen turned out be under performing and several improvement suggestions were made.

Although the prediction accuracy of the models were rather poor, future studies can use this
study as a basis for models based on a more homogeneous study area, such as only bus stops
in cities. Sub-setting the model is expected to have a major positive influence on the prediction
accuracy. It would be interesting to see if a DRM based on a city can be generalised to other
cities as well. Furthermore, the model can be complemented with more independent variables.
Variables that encourage car use over bus use, such as the difference in travel time to the city
center or the distance to the closest highway ramp, could be valuable additions.
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1 Introduction

1.1 Problem statement

A solid transportation infrastructure is an important driver of prosperity for a country. A good
infrastructure network gives citizens better access to healthcare and education, more high-quality
employment opportunities and guarantees reliable logistical operations for businesses. (Puentes,
2016). However, these days road congestion is more often the rule than the exception in the
Netherlands. And congestion comes with a price, KIM (2019) has estimated the total costs of
highway network congestion to be between AC 3.3 billion and AC 4.3 billion in 2018. Included in
these costs are costs that are directly measurable, like extra travel time and the unreliability of
the travel time, and costs which are harder to measure, such as lower productivity caused by
arriving late at work. Besides economic damages, the environment is damaged as well. Den Boer
and Vermeulen (2004) showed that congestion causes high NOx and CO2 emissions. The NOx
emission of a truck in a traffic jam for example doubles compared to a truck on a road with light
traffic . This is a cause for concern as NOx is harmful to humans, while CO2 emissions contribute
to global warming.

Highway traffic jams take up one third of total congestion in the Netherlands, and 50% of the
congestion take place in the cities (Kuiken, 2020). In large cities, drivers therefore have to take
a delay of more than 20% into account when planning their trips (Folkert, 2019). Furthermore
emission levels from congested traffic in cities are especially harmful to public health, due to the
higher public density (as highlighted by Kuiken).

These are just some of the many reasons why the transportation system in the Netherlands
needs to become more sustainable. To achieve this, public transport is essential (Costa, Fontes,
Costa, & Dias, 2015).

1.1.1 Dutch travel behaviour

One of the things the Netherlands is known for is its bike-friendly culture. In 2018 there were 17
million people and 23 million bicycles in the Netherlands, meaning there are 1.35 bikes per person
in the country (KIM, 2018). But the car is still the most used mode of transport in the number
of trips (29% of all trips), the bike is a close second (26%) and walking (23%) is in the third place
(KIM, 2019). When it comes to public transport the train accounts for 13% of the trips made and
the tram, bus and the metro combined only for 4%.

But in contradiction to the car, the kilometers travelled per person per year are rising for the
train, bus, metro and tram. In the period from 2010 till 2017 the number of kilometers travelled
by car declined by 5.5% (KIM, 2019). The average number of kilometers travelled by train per
person per year rose from 1,030 in 2010 to 1,132 km in 2018, an increase of 9.9%. And in an even
shorter period of time (from 2014-2018) the average number of kilometers travelled by tram, metro
and bus rose with 3.5%. The decline in car usage and the increase in usage of public transport is
in line with policies being pushed by cities. More and more cities are trying to reduce the number
of cars driving in the city boundaries, with Utrecht and Amsterdam just being some examples of
the many. (Gemeente Utrecht, 2020) (Gemeente Amsterdam, 2013).It used to be normal in urban
planning to plan between 1 and 1.8 parking spaces per residence (Crow, 2018), but a recently
built neighbourhood in Utrecht is completely car-free. Parking garages have been banished to the
outskirts of the neighbourhood, and only offer one parking space for three residences (Bremmer,
2020). Meanwhile the city of Amsterdam is planning to remove more than 10,000 parking spaces
inside the city ring before 2025 (Koops, 2019). And cities are not just discouraging car use. Cities
such as Nijmegen and Arnhem have made improving public transport infrastructure a number one
priority in order to improve traffic flows (Gemeente Nijmegen, 2018) (Gemeente Arnhem, 2016).

There is a clear correlation between the reason people are traveling, and the mode of transport
they use for their trip. The main transport mode for commuting is the train, while for travelling
to schools and universities the bus,metro and tram are the most used modes of transport (CPB
and KIM, 2009). School children and students make up 15% of all travellers in the Netherlands,
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but they make up one third of all kilometers travelled by train and almost half of the kilometres
travelled by bus, metro and tram. The elderly on the other hand are travelling less by train. The
percentage of trips made by the elderly by bus, tram or metro is similar to the percentage of an
average Dutch person (CPB and KIM, 2009). There is also a clear division between household
income and public transport usage. Households with an income below €22.500 per year, good for
one sixth of the number of households, travel a quarter of all public transport kilometers.

1.1.2 The increasing importance of the bus

Besides decreasing congestion and thus improving accessibility, a well-functioning public transport
system comes with additional advantages, such as fueling business growth, keeping cities green
and livable, creating more efficient cities and driving more equal opportunities for society (van
Oort, van der Bijl, & Verhoof, 2017). All these advantages have been cited as targets over the
years that the Dutch government should strive for (CPB and KIM, 2009).

Although the role of the bus may seem small at first sight in the Netherlands, the transport
mode is an important enabler for the train. When the main transport mode of travellers is the
train, 19% of them take the bus, metro or the tram to the train station. After the train trip, 33%
of the travellers continue by bus, metro or tram. So without a proper bus, tram or metro network
in a city, the train will become much less attractive. This is because frequencies and access &
egress times are considered the most important quality aspects of public transport (KiM, 2018).
With a growing population and thus an increase in the number of travel movements and at the
same time a lack of space to build more roads, one can anticipate that the role of trains and other
public transport will grow in importance in the future.

1.1.3 Dutch public transport system and DRM

The Netherlands is divided into 34 concession areas for public transport (Crow, 2020). Almost
every area sets out a tender and the public transit company with the best level-of-service (LoS)
and the lowest price is then granted the exclusive right to provide the public transport services for
a couple of years (Rijksoverheid, n.d.). This indicates one of the key factors in public transport:
efficiency. Efficiency matters because public transport is heavily subsidized to keep public trans-
port accessible for travellers (Niaounakis, Blank, & Veeneman, 2016), and citizens do care how
their tax money is being spent. Public transport companies which participate in a tender have to
hand in their service plans for the concession area to transport authority. The companies should
address in their plans how they are going to allocate their resources and the plans should be as
accurate and efficient as possible (Chu, Polzin, Pendyala, Siddiqui, & Ubaka, 2006).

To achieve this, information is key. A model which can generate useful information and which
has gained popularity in professional circles in recent years is the Direct Ridership Model (DRM).
DRMs make it possible to capture the relationship between the surroundings of a bus stop (such
as car ownership or the presence of a hospital) and travel demand (Dill, Schlossberg, Ma, & Meyer,
2013). Some studies also showed that DRMs can also be used for quick first-cut predictions of the
number of travellers for (potential new) bus stops (Upchurch & Kuby, 2014). When companies
are able to predict bus ridership accurately the quality of their tender plans improve and they
have better chances of winning the concession. A DRM can help with this. It helps transport
companies to adjust their services according to changes in the neighbourhood. For instance, in
the Netherlands more and more offices are transformed into residences (Bouma & Bontjes, 2019).
Knowing this and knowing which kind of people are going to live there makes it possible to predict
the expected number of travellers, when a DRM is applied. Which allows for the public transport
companies to design a network that attracts as many bus travellers as possible.
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1.2 Research problem

1.2.1 Research gap

Although many studies stress the importance of quantitative predictions of bus ridership at the
stop level as a important requirement for sustainable city development (for instance Chu (2004),
Cervero et al. (2010) and Guo and Huang (2020)), most of the studies which apply a DRM only
use it for explaining and examining what the relationships are between surrounding variables and
bus ridership at stop level. The prediction accuracy of DRMs is rarely tested (Taylor & Fink,
2013). The studies that do often have a relatively small sample size, smaller than the ones seen
in DRM studies which are only used for explaining.

But DRMs do show promising results, for instance Chow, Zhao, Liu, Li, and Ubaka (2006)
and Dill et al. (2013) succeeded in explaining around 70% of the bus ridership at the stop level.
Hensher (2008) however warns that these results cannot be extrapolated to different countries, as
the relationships between the surrounding variables and bus ridership can vary between different
locations. In the Netherlands this applies even more due to the extraordinary high bike usage.

There has also been Netherlands-focused research conducted by Kerkman, Martens, and Meurs
(2015). They succeeded in explaining 77.7% of the bus ridership in the Dutch Arnhem-Nijmegen
region. But the results were not translated into a predictive model and the possibility of gener-
alization of these results to the rest of the Netherlands is not studied. In fact, generalisation is
seldom discussed in the scientific literature. Furthermore, the study of Kerkman et al. can possi-
bly be strengthened by taking spatial relationships into account, which means that areas close to
each other show similar behaviour (a more in-depth explanation is given in section 2.3.2) For the
studies that do examine prediction accuracy, Guo and Huang (2020) takes spatial relationships
into account but unfortunately it does not specify the difference in prediction accuracy between
models with spatial relationships and models without.

Apart from the lack of information on prediction accuracy of DRMs, especially for large study
areas and the possibility of generalizing results to other regions isn’t discussed, there is another
knowledge gap. We have seen DRMs can help public transport companies and the author of this
study believes that DRMs can be valuable to policy makers as well. But existing studies do not
provide insights on applications of DRMs for policymakers.

1.2.2 Research objective

This study has two objectives: one quantitative and one which is qualitative in nature. The first
objective is to discover if it is possible to develop a model for the Netherlands, based on a selected
study area, which is able to make a first cut prediction on the number of bus ridership at stop
level. The qualitative objective is to develop more insights in travel behaviour by looking at the
relationships found in the model and to see if the prediction model could prove useful to policy
makers. These objectives are translated into the following research question:

”What is the influence of variables on bus ridership at stop level and what is the predictive
accuracy and the usability of the model for policymakers?”

Grosvernor (2000) warns that before a quantitative research can be conducted, a basic un-
derstanding of travel behaviour is required so that the researchers know what to examine. That
is why the first sub-question is about identifying which variables are known based on scientific
literature to influence bus ridership. Furthermore, the first sub-question is about the methods
that are used to explain and predict bus ridership. The second question examines in a statistical
manner the actual influence of the variables of sub-question one on the bus ridership at stop levels
for the area Arnhem-Nijmegen. The third sub-question is to discover if the model can be used for
predictions within Arnhem-Nijmegen. DRMs cannot be generalised to other countries and because
it is for example likely that low car ownership affects bus ridership more in a village than in a
city (where most of the facilities are nearby). Therefore, the fourth sub-question is about finding
out if a model, based on Arnhem-Nijmegen, can be used in different parts of the Netherlands.
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Because the value of DRMs for transport companies is known and it is assumed DRMs can be
useful for policy makers as well, the last question is about finding the applications of DRMs for
policy makers and about the insights the developed model can provide.

1. Which variables and methods are found in literature to explain and predict bus ridership?

2. Which variables influence bus ridership in the concession area Arnhem-Nijmegen?

3. What is the prediction accuracy of the model?

4. Can the results of a prediction model, based on Arnhem-Nijmegen, be generalised to other
regions in the Netherlands?

5. What are the applications of ridership prediction models for policy makers and which insights
can the model provide for Arnhem-Nijmegen?

According to Taylor and Fink (2013) testing for the predictive ability of transit ridership
models is often neglected, with most of the researchers only examining the explanatory power of
their model. This research will have a close look to the predictive power of the model and will
test if it is possible to develop a model for the Netherlands based on the concession area Arnhem-
Nijmegen. This kind of extrapolating is rarely tested. In comparison to Kerkman et al. more
variables will be tested for their explanatory potential for bus ridership. Special attention will be
paid to what destinations a traveller can reach within a certain amount of time from a bus stop. In
comparison with other predictive DRM studies, this study will have a significantly larger sample
size and will estimate two models: the often seen Ordinary-Least-Squares test (OLS) and a spatial
lag x model. The latter is able to deal with spatial auto-correlation between ridership and the
neighbouring independent variables. The prediction accuracy of the two models will be discussed
to see which model performs better and if including spatial auto-correlation is a valuable addition
to prediction models for bus ridership. Afterwards, three policymakers will be interviewed in order
to record their views on the applications of a DRM.

1.2.3 Research approach

To answer the first sub-question, this research will start with a literature review where existing
ridership models will be discussed. Explicit focus will be on which variables are used to explain
transit ridership and which methods are used and why. Afterwards, inferential statistics will be
applied to answer the second, third and fourth research sub-questions. Inferential statistics are
often used to examine social phenomena and applying them makes it possible to draw conclusions
for the whole population based on a sample group. Besides a quantitative approach, a qualitative
approach can also be used to examine social phenomena. This approach gives a deeper under-
standing of the complexities of travel behaviour and it is possible to identify specific (regional)
explanatory variables for bus ridership, which would not be possible with quantitative research
(Beirão & Cabral, 2007). Common means to retrieve this information are interviews, focus groups
and field research observations. The downside however is that these means are all very time
consuming and expensive (Clifton & Handy, 2001), especially when considering for example that
interviews should be conducted nationwide to be able to predict the local bus ridership at stop
level.

A quantitative approach comes with downsides too. Only analysing data does not tell the
story behind the data, there could be important contextual details missing in the data (Clifton
& Handy, 2001), such as weather conditions or social events in the area. To deal with this
limitation, the time window of the data analysed should be long enough to make the model less
susceptible to these contextual factors. After the relationships between various variables and bus
ridership have been described, the prediction accuracy of the model is evaluated to answer the
second sub-question. This is done by comparing the predicted values with the observed values in
Arnhem-Nijmegen. To examine if the results of the prediction model, based on Arnhem-Nijmegen,
can be generalised to other regions in the Netherlands the strength of the relationships between

4



the explanatory variables and bus ridership in Arnhem-Nijmegen is compared to the strength of
the relationships between the same explanatory variables and bus ridership in the concession area
Groningen-Drenthe.

A qualitative approach is employed to answer the first part of the last sub-question. In scientific
literature the practical applications of a DRM are described very briefly. To retrieve more insights
in these practical application three Dutch policy makers will be interviewed for their views on
the applications of a DRM. To answer the last part of the sub-question, the results of the second
sub-question are examined to retrieve insights and one application identified during the interviews
will be worked out in detail.

5



2 Literature review of bus ridership models

There have been various studies explaining and trying to predict transit ridership. The focus
of this chapter will be on these studies, which examine ridership at stop level for busses, while
studies of other transit modes can contain interesting insights too. Search terms that were used
were ”predicting patronage at stop level”, ”public transit ridership model” and ”estimate bus
ridership”. Other search terms contain a combination of a variable that is expected to affect bus
ridership and ”transit ridership”, such as ”shareable e-scooters and transit ridership”. Articles on
predicting ridership based on live data such as mobile phones were considered to be out of the
scope for this research. The articles that are described in this chapter are mainly retrieved from
the data bases Taylor & Francis, ResearchGate, Springer, Wiley and Sage. Special attention was
paid to the models studies are using and which variables the researchers included in their studies.
A quick scan through the literature learns that there are mainly four categories of explanatory
variables for transit ridership: demographics, built environment, level-of-service and prices. These
categories will be separately discussed. Afterwards, the models that can be used to explain or
predict bus ridership will be discussed.

2.1 Variables

Below, the variables that are described in literature as likely to influence bus ridership are dis-
cussed. The relationship between variables and bus ridership are presented in tables for the
demographics, built environment and level of service categories, as variables in these studies ap-
pear often in multiple studies. In the tables, a distinction has been made between studies which
standardize their results and the ones that do not. For the first ones, it is possible to say something
about the relative explaining power of the variables in comparison with the other variables in the
same study. For these studies, the top five variables in explanatory power (so in absolute val-
ues) have been assigned double pluses or double minus signs. Furthermore, when an explanatory
variable had a significance level above 0.1, the relationship between the variable and ridership is
considered as not significant. See section 3.4.2 for an explanation of the significance level.

2.1.1 Demographics

One of the first studies on transit ridership used demographics as set of explanatory variables. Ex-
planatory variables, also named independent variables, are the variables that are used to explain
bus ridership. The study included a causal model and was conducted by Dajani and Sullivan
(1976). Demographics have since then been a recurrent category in later studies. Looking at
figure 1, it is striking that in many studies a negative relationship between income and ridership
was found. This means that the higher the income of a household, the lower the transit usage
(Kerkman, Martens, & Meurs, 2018) (Pulugurtha & Agurla, 2012) (Chu, 2004) (Chu et al., 2006)
(G. Thompson, Brown, & Bhattacharya, 2012) (Zhao, Chow, Li, & Liu, 2005). A similar relation-
ship is the positive relationship between the percentage of households with annual income below
poverty and ridership (Dill et al., 2013). For the variables households without a vehicle and the
percentage of female residents several studies disagreed. Dill et al. (2013) were the only ones
that found the counter-intuitive positive relationship between the percentage of households with
cars and ridership. They named various reasons to explain this relationship, such as households
without a car, that do not live below the poverty line , are not exceptionally high transit users
or zero-vehicles households could be located in city centres where destinations are more within
walking or biking distance. In general, counter-intuitive signs could be an indication of multi-
collinearity (Zhao et al., 2005). For the influence of the percentage of women residents, Chu did
find contradictory results in his study at the West Coast of the US (2006) and the East Coast
(2004). This could be caused by the sample sizes, as it is likely the percentage of women will
be close to 50% most of the times and when a sample size is large enough relationships between
variables are always likely surface. (MSU, n.d.).
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Table 1: Demographics

Dill
et al.

(2013)

Kerkman,
Martens
& Meurs
(2015)

Pulugurtha
& Agurla

(2012)

Ryan
& Frank

(2009)

Chu

(2004)

Chu

(2007)

Hunt
et al

(1986)

Thompson

(2012)

Zhao
et al.

(2005)
Std No Yes No Yes No No No No Yes
Residents + + + +
Female (%) + + -
Hispanic (%) ns + ns -
Asian (%) +
White (%) - – - - -
Black (%) + ns +
Immigrants (%) + +
Under 14 (%) –
Under 17 (%) ns -
Above 65 (%) ns ns -
Households
without car (%)

- + ++ + + +

Average number
of cars in household
with children

- -

Income (€) - - – - - - -
Households with
annual income
below poverty (%)

+ ++

College degree
or higher

-

2.1.2 Built environment

The built environment in this research includes what is in the direct environment of the bus stop,
in other words: the catchment area, and what is accessible within a certain amount of time when
a bus is taken from that stop. In the literature the first part receives a lot more attention than
the second part, as can be seen in table 2. The ones who did address accessibility, were able
to determine a positive relationship between the number of residents that can be reached when
taking a bus and bus ridership (Guo & Huang, 2020) (Chu, 2004). In other words, for a bus
stop it is examined how many residents a bus traveller can reach within a certain amount of time
with that particular bus stop as origin. When this number of accessible residents increases, the
ridership increases. The number of jobs that are accessible from a stop was found to affect ridership
positively as well (Dill et al., 2013) (Guo & Huang, 2020) (Chu, 2004) (Chu et al., 2006). But
other variables are often only examined for their influence on transit ridership in the catchment
areas of stops, such as hospitals (strong relationship), educational buildings, restaurants, stores
(Guo & Huang, 2020) and facilities in general (Dill et al., 2013).

A popular category of variables within built environment is the land-use of the catchment
area. Commercial land use is found to have a positive effect on ridership (Dill et al., 2013) (Guo
& Huang, 2020) (Pulugurtha & Agurla, 2012). The variable land use mix has varying results,
Dill et al. and Zhao et al. did not find a significant relationship, but Guo and Huang did find
a strong relationship. In their turn, Guo and Huang did not find a significant relationship with
the variable residential land-use, but Kerkman et al. found a strong one. The first contradicting
results could be caused by the use of different formulas to calculate the land-use mix. The second
because Guo and Huang examine residential land-use and population density, two variables that
could have strong correlations.

Furthermore, the infrastructure around bus stops is often examined. The walk-ability of a bus
stop, which is about if the bus stop is easy and pleasant to reach for a pedestrian, is found to
positively affect the number of transit users (Chu, 2004) (Ryan & Frank, 2009). Although the
explanatory power turned out to be rather small in the latter study, adding walk-ability as an
explanatory variable did lead only to an increase in the explanatory power of the model by 0.02%.
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The explanatory power of Ryan and Frank is remarkably low, only 32%, although many of the
variables they included appeared in different studies and these studies have explanatory powers
above the 70%. A reason for this could be that Ryan and Frank did not transform the dependent
variable (in section 3.3.2 is explained why this is important). Other independent infrastructure
variables that are found to influence transit ridership positively are street connectivity, the length
of multi-use paths, length of bike-paths (Dill et al., 2013), speed limit, the presence of an one-way
street (Pulugurtha & Agurla, 2012), sidewalks, street density and highway accessibility (Zhao et
al., 2005).

Table 2: Built environment

Dill
et al.

(2013)

Guo
& Hang

(2020)

Kerkman,
Martens
& Meurs
(2015)

Pulugurtha
& Agurla

(2012)

Ryan
& Frank

(2009)

Chu

(2004)

Chu

(2007)

Cervero,
Murakami
& Miller
(2010)

Thompson

(2012)

Zhao
et al.

(2005)
Std No Yes Yes No Yes No No Yes No Yes
Population density (#/m2) ++ ns +
Household density (#/m2) -
Jobs (#) + ++ + +
Employment density (#/m2) ns ++
Residents accessibility (#) + +
Jobs accessibility (#) + + + +
LU residential (%) ns ++
LU commercial (%) + + +
LU agricultural (%) -
LU sociocultural +
LU institutional +
LU industrial -
LU mix (%) ns ++ ns
Dummy downtown +
Dummy university + +
Distance to city centre (km) - - - -
Distance to station (km) ns
Distance to nearest stop (m) ns ns -
Walkability + +
Transit accessibility + +
Highway accessibility +
Street density +
Speed limit +
Parking fees +
Hospitals ++
Restaurants, stores and hotels +
Scenic spots ns

2.1.3 Level of service

Level of service variables are often examined too, Ryan and Frank (2009) were the only ones to
capture Level of Service as a whole (LoS). The definition they used was the number of bus routes
divided by the average headway time (the time between two consecutive busses). Doing so they
found a strong relationship between ridership and LoS. Dill et al. (2013) and Kerkman et al. (2015)
treated headway as a separate variable and found the more busses arrive per hour, the higher the
ridership. Moreover the possibility to transfer to different directions or to transfer to a different
transit mode turned out to be important explanatory variables for ridership (Dill et al., 2013)
(Kerkman et al., 2015) (Guo & Huang, 2020) as well as the bus stop being located at a Park and
Ride. (Dill et al., 2013)(Chu, 2004). The existence of other bus stops in the catchment area of a
specific stop is found to have a negative effect on the bus ridership in two of the four studies (Dill
et al., 2013)(Chu, 2004) and non-significant in the other two (Guo & Huang, 2020) (Kerkman et
al., 2015). Besides the quantitative side of LoS there is a qualitative side, such as feeling of safety,
information availability, customer service and cleanliness. These variables were all found to affect
ridership by Syed and Khan (2000).
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Table 3: Level of service

Dill
et al.

(2013)

Guo
& Hang

(2020)

Kerkman,
Martens
& Meurs
(2015)

Ryan
& Frank

(2009)

Chu

(2007)

Hunt
et al

(1986)

Cervero,
Murakami
& Miller
(2010)

Thompson

(2005)
Std No Yes Yes Yes No No Yes No
LOS ++
Modal transfer stop + ns
Transfer stop + ++ +
Transit centre + +
Terminal ns +
Average headway (min) - - - - -
Directions (#) +
Frequency per direction (#3/hour) ++
Total bus stops within buffer (#) - ns ns -
Total bus lines within buffer (#) -
Total light rail stations within buffer -
P+R + +
P+R parking spaces (#) +
Near streetcar stop +
On radial routes +
Daily feeder trains (#) ++
Area covered by bus (m2) +
Wait time for transit ns
Dynamic information +
Benches ++

2.1.4 Prices and other variables

In literature there are two variables found that fall under the price category: gasoline and fare
prices. In Washington State in the U.S. Stover and Bae (2011) found the higher the gasoline
prices, the higher the bus ridership. The fare price is found to have a negative relationship with
bus ridership in multiple studies (Sale, 1976) (Liu, 1993). Furthermore, there are variables that
could not be categorised such as the weather conditions or availability of shareable e-scooters.
Humidity, wind and rain were found to affect bus and metro ridership especially in urban areas.
(Zhou et al., 2017). Zuniga-Garcia and Machemehl (2020) found that busses and shareable e-
scooters are competitive and similar results were found by Luo, Zhang, Gkritza, and Cai (2021).
This means that the presence of shareable e-scooters has a negative effect on bus ridership.

2.1.5 Conclusion variables

There are four categories of explanatory variables for bus ridership: demographics, built environ-
ment, level of service and prices (see figure 1). Every variable that appears in more than one
study is at least found once to have a significant effect on ridership. So none of the variables
can be disregarded for this research. Furthermore, the variables residents accessibility and jobs
accessibility turned out to be affecting bus ridership significantly, but more variables in terms of
accessibility have not been studied before. Hospitals have been found to be an important factor
in the catchment area of a stop. It would be interesting to examine if the accessibility of hospitals,
and other facilities would have a significant effect on ridership as well.
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Figure 1: Conceptualisation

2.2 Ridership explaining and prediction methods

In literature several methods have been applied to explain or predict ridership. The advantages
and the disadvantages of the methods are displayed in table 4. One of the traditional methods is
the four-step model (Cardozo, Garćıa-Palomares, & Gutiérrez, 2012). The model is an iterative
mechanism which starts with an estimate of the total number of trips that are made in a region
based on results of travel surveys conducted among households (McNally, 2007). In the second step
the flows between points, called trips, in the region are estimated. Subsequently, it is estimated
which transit mode will be used for each trip. The fourth step is to estimate which route travellers
will choose for each trip. Busy roads could lead to a difference in a trip is made or not, mode
choice and route choice. So the results after the fourth step will be used as feedback for step two,
three and step four. The four step model is mostly used for regions or bus routes and it ignores
heterogeneous properties within a region or around a route (Chu, 2004).

A method that has grown in popularity the last decade is the direct ridership model at stop level
(DRM). DRMs are especially useful for quick, first-cut, order-of-magnitude analyses, according to
Upchurch and Kuby (2014). ’Direct’ in DRM refers to the transit ridership of a stop being directly
calculated by examining local variables (Mucci & Erhardt, 2018). In other words, the influence of
variables in the catchment area of the stop on the ridership is estimated (Durning & Townsend,
2015). This makes DRM more suitable for identifying local influences than the more traditional
four-step model. According to Chu (2004) another benefit of DRM over the four-step model is
the ability to represent competing effects and to represent service variables. Other advantages
of DRMs are the high transparency, high explanatory power and the ability to experiment with
changes in the transit network (Kuby, Barranda, & Upchurch, 2004).

Fuzzy inference can, just as DRM, be used for predictions at stop level. This method uses
multiple if-statements in a row, all including an explanatory variable and a value judgement in
terms of high, average or low, to estimate ridership (Kikuchi & Miljkovic, 2001). But according
to (Kikuchi & Miljkovic, 2001) this method, does not lead to remarkably better predictions than
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a DRM. Moreover, it is easier for DRMs to cope with changes in variables influencing ridership
(Chu, 2004).

A structural equation model is a more confirmatory model and is less suitable to use for
exploring new variables because alternative models, such as multiple regression, could fit the data
equally well or even better (Nunkoo & Ramkissoon, 2012). As one of the objectives of this research
is to be able to make a first prediction of ridership at stop level, DRM is the most suitable method.
There are different kinds of DRMS and each DRM can deal with different points of attention, which
arise when estimating bus ridership.

Table 4: Main ridership models

Method Used by Strengths Weaknesses

Four step model (McNally, 2007)
Dealing with complexity
(McNally, 2007)

Expensive, lack flexibility
to deal with changes to a
transit network
(Gutiérrez, Cardozo, & Garćıa-Palomares, 2011)

(Chu, 2004)

Fuzzy inference (Kikuchi & Miljkovic, 2001)

Is able to make use of
logical explanatory power
and understanding of patterns
(Kikuchi & Miljkovic, 2001)

Low sensitivity of predictions
to changes in variables affecting
ridership (Chu, 2004)

DRM See table below

High transparency, high
explanation power and
the ability to experiment
with changes in the transit
network (Kuby et al., 2004).
Useful for evaluating exploratory
variables
(Nunkoo & Gursoy, 2012)

Causal relationships are unknown
(Kikuchi & Miljkovic, 2001)

Structural equation
model

(Sohn & Shim, 2010)

Able to identify indirect
or cyclic relationships
among variables
(Sohn & Shim, 2010).
Takes measurement
errors into account
(MacKenzie, 2001)

Complexity, ambiguity and is
less suitable to explore
new variables
(Nunkoo & Ramkissoon, 2012)

2.3 DRM models

Within DRM there are several different models that could be applied, some of them are displayed
in table 5. The models mentioned in the table, are all regression-base. There are three main pur-
poses of using regression analysis: explaining, predicting and describing. According to Shmueli the
first purpose is about retrieving insights in causal relationships between the dependent variable
and the independent variables. The second one is used to predict new or future observations.
Describing is about summarizing data and in comparison with explaining, it focuses less on causal
inference and the focus is more on displaying data structures in a compact manner (Shmueli,
2010). The different purposes all have different requirements. We will have a closer look at the
differences between explaining and predicting, while examining important features which should
not be overlooked when bus ridership is explained or predicted.

2.3.1 Endogeneity and omitted bias

Because the focus with explaining is on causality, the simultaneity bias is important to take into
account. Simultaneity bias is a form of endogeneity and it means that the outcome variable of the
regression analysis is a predictor of an explanatory variable instead of a response to the explanatory
variable (Lynch & Brown, 2011). An example: when the presence of a digital travel information
display is used to predict the number of travellers by bus at stop level, it is likely that the digital
display is placed because of the high number of travellers instead of the display attracting many
travellers (Kerkman et al., 2015). In this case, the digital display is an endogenous variable. The
endogeneity bias plays a big role for most of the variables mentioned above. Another example is
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transit companies adjusting their bus schedules based on the expected ridership. For instance if
they expect many travellers will make use of a stop. A way to deal with endogeneity is the Two
Stage Least Squares test, but the data requirements are high (Shepherd, 2009). A less refined way
is to exclude to variables that are expected to cause an endogeneity problem (Chu, 2004).

Fortunately, when predicting is the goal the focus should purely be on getting as high a
predictive power as possible and it is unnecessary to examine the causal relationships between the
independent variable and the dependent variables (Shmueli, 2010). Allison (2014) argues, that
because the focus is purely on the predictive ability, the omitted bias can also be disregarded.
Omitted bias occurs when the influence on the dependent variable of an unobserved variable is
attributed to observed variables. This will result in biased values for the importance (coefficients)
of the independent variables (an example is given in the appendix, section 9.1). According to
Allison, for predicting it does not matter if the coefficients are not the true value, as long as all
the coefficients together can be used to calculate optimal estimates.

2.3.2 Non-stationary relationships

Important terms for both explaining and predicting are spatial auto-correlation and non-stationary
relationships. The first one is about the common knowledge in the field of Geography that values
close to each other are more equivalent than those further away (Tobler, 1970). The latter means
that relationships between the independent variable and the dependent variables can vary based on
their location (Murack, 2013). The regression models that can deal with spatial auto-correlation
and non-stationary relationships are called spatial regression models. According to Murack, no
spatial regression model can take both points into account. Non-stationary can be overcome
by using local regression models, such as Geographically Weighted Regression (GWR) models
(Propastin, Kappas, & Erasmi, 2008). The local ridership models show better results than the
global models (Chiou, Jou, & Yang, 2015) (Gan, Feng, Yang, Timmermans, & Luo, 2019) (Chow
et al., 2006), but a downside is that the results of a local study cannot be extrapolated to areas
that are not the main study area (Propastin et al., 2008). The aim of this study is to develop
a prediction model for the Netherlands, with as study area concession area Arnhem-Nijmegen.
Therefore, global regression models will be further looked into.

2.3.3 Spatial auto-correlation

The spatial lag model (SLM), spatial lag X model (SLX) and spatial error model (SEM) are three
global models which can deal with spatial auto-correlation, also known as spatial dependence
(Anselin & Bera, 1998). The first model examines if the value of the dependent variable is
affected, besides by its own independent variables, by the value of the dependent variable of its
neighbour (neighbour is a broad concept, see section 3.5.1). For the SLM model the neighbouring
independent and dependent values should be known. The objective of this study is to find out
if it is possible to make predictions for regions in the Netherlands, for which no ridership data is
available, based on the regression results of Arnhem-Nijmegen. Thus, for these regions the values
for the neighbouring independent variable are unknown, which makes the SLM model impractical
for this study.

For SLX the dependent variable is influenced by its own independent variables and its neigh-
bours independent variables. The independent variables are selected based on their potential
influence and on their nation-wide availability. So for this model, neighbours can be regional. The
spatial error-model deals with auto-correlation in the error term, thus it examines if there are
regions with remarkably high or low residuals and bases its estimates on this. To retrieve the error
term, first the observed value and the predicted value should be known, as this will not be the case
for other parts in the Netherlands. The SLX model is the only method suitable for prediction.
But the SEM model can still be important in this research. If spatial auto-correlation exists in
the error terms and a normal OLS model is estimated, it could lead to wrong significance values
for variables and it could lead to a sub-optimal prediction (Anselin & Bera, 1998).
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For predictions in the Netherlands, SLX is the most suitable model. For explaining the bus
ridership in Arnhem-Nijmegen both the SLX and SEM could be used, as it will depend heavily
on the data which model will perform better. For instance, Gan et al. (2019) applied the spatial
lag model and the spatial error model and found that the latter was the best performing one.
This does not mean the spatial error model will be the best model for all studies trying to explain
ridership, as it only means that the model of Gan et al. wasn’t able to include the explanatory
variables in the model that cause the spatial auto-correlation (Kerkman et al., 2018).

2.3.4 Count data

Pulugurtha and Agurla (2012) argues that ridership numbers are count values. An OLS model
assumes that the dependent variable is continuous (Peel, Goode, & Moutinho, 1998), meaning
that the variable could be any number. But count values are bound at zero, for example a bus
stop cannot have a negative number of travellers. Violating the continuous dependent variable
assumption could lead to predictions with a negative value (Peel et al., 1998). Pulugurtha and
Agurla (2012) point out that the Generalized Estimating Equation (GEE) can, in contrast to OLS,
deal with count data and therefore they consider GEE as a more suitable model for explaining
and predicting bus ridership.

A downside of GEE is that there is not a universal goodness-of-fit test (Ballinger, 2004) and
although ridership can indeed be seen as count values, treating it as such is found to not have a
particular advantage for predicting bus ridership when ridership is transformed (Dill et al., 2013).
In section 3.3.2, more is described on transformations of variables.

Table 5: DRM models

Method Used by Strengths Weaknesses

OLS
(Kerkman et al., 2015)
and more

Low cost and quick response (Gan et al., 2019)
Can be used for explaining (Kerkman et al., 2015)

Susceptible for
multicollinearity
endogeneity bias,
spatial dependence
and spatial heterogeneity
(Guo & Huang, 2020)
(Gan et al., 2019)

Spatial lag
model / spatial
auto regression

(Gan et al., 2019)
Able to deal with auto-correlation between the independent
variable and the associated spatially lagged variable
(Anselin & Bera, 1998)

Can’t deal with spatial
error auto-correlations
(Anselin, 2003).
If spatial point has no neighbours,
it becomes a non-spatial formula
(Goulard, Laurent, & Thomas-Agnan, 2017)

Spatial
lag X
model
(SLX)

No one
Can deal with spatial auto-correlation between dependent
and neighbouring independent variables

Can’t deal with spatial error
auto-correlation

Spatial error
model

(Gan et al., 2019)
Able to deal with auto-correlation between error terms
(Anselin & Bera, 1998)

Can’t deal with spatial
lag auto-correlations
(Anselin, 2003)

Generalized
estimating
equations
framework

(Pulugurtha & Agurla, 2012)
Is able to deal with count data
(Peel et al., 1998)

There is no universally
accepted goodness-of-fits
test and the predictability
cannot be easily assessed
(Ballinger, 2004)
(Davarzani, Peeters, Smirnov, Karel, & Brunner-La Rocca, 2016)

2-stage least
squares test

(Taylor, Miller, Iseki, & Fink, 2003)
Able to deal with endogeneity
(Taylor et al., 2003)
(Shepherd, 2009)

Excessive data requirements
(Shepherd, 2009)

2.3.5 Ridership prediction in literature

Many of the studies described above focus only on the explaining part of ridership, Cervero et
al. (2010) were one of the few that looked into the prediction capability. The study contained 69
Bus Rapid Transit (BRT) stops and they concluded DRM was suitable for predicting ridership
at low ridership stops and at high ridership stops. Their observations/independent variable ratio
is relatively low, with 9 variables for 69 observations. This could be an explanation of their
remarkably explanatory power of 95.2%.

Guo and Huang (2020) predicted the monthly ridership for 72 Mass Rapid Transit (MRT)
stops. Their predictions can be considered as accurate for 80% of the stops. The absolute relative
error (first the observed value is subtracted from the predicted value and the obtained value is
divided by the observed value) is lower than 50%. But their prediction intervals, intervals for which
the model can predict with a 95% certainty the observed ridership will belong to are quite wide.
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For instance when a monthly ridership of 10,000 is observed, the lower bound of the prediction
interval is around 3,000 and the upper bound is approximately 17,000.

2.3.6 Conclusion models

Existing literature on explaining and predicting bus ridership at stop level shows promising results,
with the first being more often examined than the latter. For instance, the explanatory power
is tested in the Netherlands, but the prediction ability is not (Kerkman et al., 2015). And when
the prediction ability is evaluated, the sample sizes are small. This research will try to predict
bus ridership numbers at stop level for the concession area Arnhem-Nijmegen, by examining
demographics, built environment and level-of-service variables, which ones exactly will be discussed
in the next chapter. For the predictions, a Direct Ridership Model is the most suitable model,
since it can be quickly applied and it can capture local influences. It turned out to be important
that the DRM is global, since local DRMs cannot be extrapolated outside the study area. This
means the model won’t be able to deal with non-stationary relationships.

The OLS model is commonly used and has proven itself to be sufficient to explain bus ridership.
But to get more accurate prediction spatial auto-correlation can be taken into account. For this
research it is likely that the independent variables affect the neighbouring dependent variable, when
a stop has more directions than its neighbours, it is likely that this has a negative effect on the
bus ridership of the neighbouring stops. The SLX model, not used before for DRMs, can capture
this effect and thus this may result in more accurate predictions than the OLS. Furthermore, it
is improbable that all of the ridership will be explained by variables that will be included in the
model. What cannot be explained will be captured in the error terms and in those terms there
is the chance of spatial auto-correlation. To deal with spatial auto-correlation, the spatial lag x
model and the spatial error model will be applied in this research for explaining. The OLS and
SLX will be used for predicting.
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3 Method

In chapter 2 we found that demographics, built environment, level of service and prices are known
categories to influence bus ridership. This chapter will discuss which variables are included in the
model and which are not and will provide the reason behind it. Afterwards, the operationalisation
of the variables is explained and the data is examined. Then the OLS and the spatial models will
be clarified, after which an explanation of prediction accuracy follows. But first, the study area
Arnhem-Nijmegen is described.

3.1 Study area

The model will be based on the concession area Arnhem-Nijmegen, see figure 2 (picture is edited,
original is from (Regenmaker, 2019). The area belongs to one of the five biggest urban agglomer-
ations in the Netherlands. The largest cities in concession Arnhem-Nijmegen are unsurprisingly,
Arnhem and Nijmegen. Nijmegen is with almost 180,000 residents the tenth largest city in the
Netherlands and is closely followed by Arnhem. Arnhem with 160,000 residents is at the thirteenth
place (Allecijfers.nl, n.d.-b). The cities are the economic heart of the region and are located 15 km
apart from each other (Kerkman et al., 2015). The concession area exists of 17 municipalities and
has a variety of different kinds of urbanization, there are small cities, such as Doetinchem (58,000)
and Duiven (25,000) and plenty of small villages. The population of the concession area is just
below 740,000 residents in 2019 and the area covers an area of more than 1100 square kilometers
(Eurostat, n.d.), which makes the population density 670 per km2.

Arnhem-Nijmegen has one university, the Radboud University in Nijmegen and the area has
two major tourist attractions: a zoo and an open air museum. The area is connected by five
highways and the area is easily accessible by train, as it is possible to go into every direction by
train (Gemeente Arnhem, 2016). There are 23 train stations and the train is, together with the
bus, the only public transport mode in the region. There are 988 bus stops in the concession area,
figure 3 shows how the stops are divided over the concession area and it shows the number of rides
per bus stop. The total number of city lines and region lines is 52 (Open mobility data, 2019) and
six of those lines are run by trolley busses in Arnhem, the only trolley busses in the Netherlands
(Arnhem2day, n.d.).
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Figure 2: Map of the Netherlands, study area is highlighted

Figure 3: Bus stops and number of rides in concession area Arnhem-Nijmegen
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3.2 Variables and data

In Chapter 2 variables were identified that were examined in scientific literature. That literature
study showed that many variables were interesting to be included in this research. The starting
point was to include as many as possible, as long as the data required for the variables was
free of charge and available nationwide. Most of the data for this study is provided by public
instances, such as Centraal Bureau voor de statistiek (CBS), Dienst Wegverkeer (RDW) and
Dienst Uitvoering Onderwijs (DUO). Furthermore, Movares and open data websites such as the
NDOV Loket, OpenMobilityData and Open State Foundation are used to retrieve data as well.

3.2.1 Rides

The most important variable of this study is the dependent variable rides, the variable that needs
to be explained by looking at other variables. The data for rides is retrieved from smart card
data provided by OV Oost and it contains the amount of rides have been made between two
specific stops per hour on all the week days in November 2019. For instance, the data shows that
in November 2019 a total of 141 travellers departed between 18:00-19:00 from Arnhem central
station and got off the bus at Arnhem Velperplein. According to Chu (2004) the best predictor
for the number of arriving travellers at stop level is the number of departing travellers at the
same stop and vice versa. After inspecting the smart card data, it turned out that there were
more known origin rides than known destination rides. The difference between known origins
and known destinations is caused by travellers forgetting to check-in or to check-out. Because the
number of known origins is higher, this study will work with departing travellers as bus ridership.
Bus stops can consist of multiple quays, all the departures of the different quays but at the same
stop will be summed and this will be seen as bus ridership at stop level and will be labelled as
rides. The number of rides per stop on working days will be expressed per month.

3.2.2 Demographics

For many of the in chapter 2 identified demographics that influence bus ridership, such as gender,
age, ethnicity, household size, income and car ownership, data could be found on the CBS website.
CBS works with three different scale levels based on zip codes: zip code 4, zip code 5 and zip code
6. The number refers to the number of characters in the zip code. A Dutch zip code contains
four numbers and two letters. A zip code 6 exists of the full zip code and thus gives the most
detailed information. Unfortunately, as CBS protects the privacy of residents, when there are too
few residents for a zip code the data for that zip code will not be made public. This resulted in
many empty values for the independent variables. Therefore, the choice has been made for the
zip code 5 scale-level.

To calculate the values for the demographics of a bus stop, a catchment area, with a radius of
400 meters is taken as this is the maximum distance most travellers are willing to walk to a bus
stop (van der Blij, Veger, & Slebos, 2010) and it fits in the ambition of Arnhem and Nijmegen
for all their residents to have at least one bus stop within 400 meters (Omroep Gelderland, 2019).
A catchment area of a stop can consist of multiple zip codes. With the use of ArcGIS Pro, per
stop it is examined which zip codes are located in the catchment area and for what percentage
does this area consist of a specific zip code. This way, the average values for demographics in the
catchment areas could be calculated. An example of the calculation for the percentage of youth
for a catchment area can be found in the section 9.3. It can happen that multiple catchment areas
overlap, how this is dealt with is described in the built environment section.

Two age variables are included, one is the percentage of youth, 15-24 year olds and the other is
the percentage of elderly (65+). This way students with their student travel product, which allows
for cost-free travelling and people who are retired or close to retirement are included separately
in the model, leaving children and mostly working people not to be named specifically.

In chapter 2 two kinds of variables for car ownership were discussed: average car ownership
and households without a car. The first appeared in one study and was found not to be significant,
the latter appeared statistically significant in five studies. For the Netherlands, data on average
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car ownership and on average car ownership per low, middle and high income was available.
Car ownership for low incomes says probably more about households without a car, than car
ownership for high incomes. But again, the more detailed the information is, the more empty
values are found. So, only average car ownership is included in the model. For income, the lower
incomes can be included, but only on a zip code 4 scale. In the model the percentage of households
with low income is included, which is the percentage of all households that have an income that
belongs to the 40% lowest incomes.

Politics are not included in the studies discussed in chapter 2, but the political preferences
can say something about how they think and about their travel behaviour. Van der Groot (2012)
examined what the Second Chamber would look like based on the respondents of her research,
who are frequently public transit users. For the parties PvdA, SP, Groen-Links, D66 and Partij
voor de Dieren it would mean an increase in seats. For the VVD, PVV and CDA it would lead to a
decrease of seats. Van der Groot does not comment on all the parties which are currently present
in the Second Chamber since new parties have joined the Second Chamber after the elections of
2021. Above mentioned parties are good for 122 of the 150 seats in the current Second Chamber
(Tweede Kamer, 2021). Because of this distinction the choice is made to include politics in the
model. The PvdA, SP, Groen-Links, D66 and Partij voor de Dieren will be clustered together
under the label ’green parties’. The VVD, PVV and CDA will be clustered too and the other
parties will be disregarded for this research. Data for the Second Chamber elections of 2021 is
made available by data.overheid.nl. With the use of the Python script created by Kloosterboer
(2021) the xml files of the website are converted to csv files. Whereafter the percentage of green
votes was linked to data on the location of the polling stations retrieved from the Open State
Foundation (n.d.). To receive information on how people vote around the bus stops, every stop is
linked to the closest polling station.

3.2.3 Built environment

In chapter 2 three groups within the built environment variables were described: within the
catchment area of the bus stop, what can be reached while taking the bus from a bus stop and
the walk-ability. First, the within catchment area will be discussed.

Six land-use variables will be studied, with data obtained from CBS (RHDHV, 2019). The six
variables are residential, social and commercial (consisting of retail, hotels, bars and restaurants),
business (offices, industrial and public facilities), agricultural, recreational (parks and sport facil-
ities) and amusement (amusement parks and zoos). The first three variables were found to be
affecting ridership the most in chapter 2. The fifth variable has not been studied yet in this com-
position, the number of parks turned out to individually influence bus ridership negatively (Dill et
al., 2013) and sport facilities were not examined at all. But because it is assumed people will not
take the bus often to sport facilities, the two are merged together into one variable. Institutional
land use appeared in one study and did have a significant relationship (Pulugurtha & Agurla,
2012). But it will not be included in this model, since the assumed most influential institutional
facilities will be examined individually.

Institutional facilities that will be included are hospitals, higher education (HBO and WO)
and secondary education. The latter is not examined before, but it is included since it appeared
from 1.1.1 that half of the kilometers travelled by bus, tram and metro was made by pupils and
students. Hospitals are examined, since of all the facilities studied, such as hotels or scenic spots,
by Guo and Huang (2020), hospitals turned out to be the most influential. Other facilities that
will be studied are park and rides. The data for the locations of hospitals is provided by Movares
and the locations for educational institutions are retrieved from DUO (2021). The RDW (2021a)
provided the information for the park and rides.

A problem that occurs in the denser areas, is that bus stops have overlapping catchment areas.
For the catchment areas with overlap, the values for demographics are calculated the same way
as for non-overlapping catchment areas. But to compensate variables being counted twice, the
variable number of other bus stops within the catchment area is included in the model. It is
expected this variable will have a negative influence on bus ridership at stop level. It should be
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noted that this method could still lead to overlapping catchment areas even when the data says
there are not any other bus stops within the catchment area, because catchment areas of two bus
stops can overlap, without being in the catchment area of the other stop. To prevent bus stops
from being seen as competitive if they only share a small area only the actual number of other bus
stops within a catchment area are counted. A visualization can be found in appendix 9.5.

Overlap is a problem for facilities as well, there are cases where a secondary school is in three
catchment areas. This could lead to underestimating the importance of secondary schools on bus
ridership, as it is likely that pupils will go to the nearest stop. This results in other stops having
a secondary education facility in their catchment area, but will not see a higher number of rides
because of it, which causes the coefficient for secondary education to decrease in strength. To
prevent this a new built environment category will be added, namely how many times a bus stop
is the closest bus stop to a facility. For instance, for every secondary school the nearest stop is
identified. The value for the variable closest to secondary school will be one for that bus stop. If
that bus stop is the closest bus stop for two secondary schools, the value will be two.

There are multiple reasons for including facilities within the catchment area and how many
times a stop is the closest stop to a facility. It could be that facilities have multiple entrances
with each a bus stop. Or it could be that, for instance, pupils do go to a bus stop which is not the
nearest, since they need a particular bus line. Furthermore, for higher education it could be useful
as well, because only data on one single location is known per university and a campus often exists
of multiple bus stops. So, by including higher education within catchment areas it is examined if
the effect of this data limitation can be reduced. In the next chapter, the independent variables
will be estimated per category to see their influence on bus ridership. During this step the Forward
Selection process is applied, see section 3.4.1, to identify per facility whether the within buffer or
closest to variant is affecting bus ridership the most. For clarity reasons, the variant which has
the least influence on bus ridership will be disregarded from the model.

For hospitals, higher education, secondary education and park and rides the accessibility will
be studied as well. Accessibility has been studied for residents and jobs and it showed significant
results, but including accessibility for these facilities is new. The accessibility could also have
been examined for other variables, such as how many elderly can somebody access from a certain
bus stop, but hospitals, the educational facilities and park and rides are assumed to be the most
promising variables.

For the accessibility variables it is determined with the use of the Verbindingswijzer (VBW),
how many jobs, residents etc. can be reach from a bus stop within 45 minutes, without transfers.
The time-limit is set to 45, because Gimenez-Nadal and Molina (2014) found this is the average
commuting time in the Netherlands and for consistency it is applied to the other variables besides
jobs as well. The number of transfers was set to zero, to purely look at what a traveller can reach
from a stop. If transfers were allowed, the area a traveller could reach would grow significantly,
which makes it harder to find significant relationships. To calculate the accessibility variables,
data required for the within catchment area variables are loaded in the Verbindingswijzer which is
a tool that can retrieve the accessibility variables. More on the Verbindingswijzer is in appendix
9.2. The accessibility of train stations has been left out of the model, as it turned out there are
only 17 stops out of the 965 in the area where a traveller cannot reach a station within 45 minutes.

Another built environment variable is parking costs around a bus stop. Different data sets
retrieved from the RDW (2021b) were merged, to be able to calculate the weighted average parking
cost per hour.

Unfortunately, no data could be found on city centres and because data should be available
nation wide, retrieving the data by hand is considered to be too time consuming. Thus, the variable
distance to nearest city centre will not be included in this model. Distance to station appeared
once in a study and was found not to be significant, but this study did contain the distance to city
centre as well (Guo & Huang, 2020). This study will look into the effect of distance to station on
ridership, when it is the only distance variable in the model. Variables for walkability also could
not be found but it appeared from Ryan and Frank (2009) the explanatory power for ridership
was limited.
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3.2.4 Level of service

In chapter 2 it appeared that frequency and whether a transfer can be made on a stop are important
for explaining ridership and are therefore included in the model. The latter is expressed in the
number of directions a traveller can go from a stop. Furthermore, several physical bus stop
characteristics are included, namely the availability of a shelter, bench, digital information display,
bike stands and if the bus stop is accessible to the disabled. The problem with endogeneity could
be severe with these variables and therefore they are less suitable for prediction. But they are
included, since if there is a strong relationship between a characteristic and ridership, it could be
an indicator for a missing explanatory variable.

3.2.5 Data limitations

Besides the lack of specific data there are other data limitations, for instance the time window of
the data. The ridership data is about November 2019, but the oldest data set comes from 2016.
It is unfortunate the years do not match, but demographics of a neighbourhood do not rapidly
change (Zwiers, 2018). There is a risk of newly developed neighbourhood finishing between 2016
and 2019. This will cause high ridership for close bus stops, which cannot be explained. If this is
the case, these outliers can be easily identified and removed when the first results are examined.

Variables such as weather, ticket fare and qualitative level of service will not be included. The
weather can be used to explain bus ridership, but is less suitable to predict bus ridership and there
is not any variation in the ticket fare nor qualitative level of service in the concession area, so these
cannot be used to predict bus ridership. Shareable scooters were not available in the concession
area the year this research examines (2019) so this variable also is not included.

3.2.6 Descriptive statistics per bus stop

Below, an overview is presented of all the variables that are included in the first model. The
minimum, mean and maximum values of the 965 stops are displayed for every variable. There
exists large variance in the dependent variable and in the independent variables related to residents,
jobs, frequency and the address density. The standard deviations for these variables are high and
for some of them the standard deviation is greater than the mean.

Most within buffer- and closest to variables seem to behave like a dummy variable, a variable
which only can have the value zero or one.

Of the facilities, there are only multiple secondary schools within a catchment area.
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Table 6: Descriptive statistics

Unit Mean Minimum Maximum Std. Dev
Rides #/month (week days only) 2732.508 1 351195 14198.615

Residents # 1439.724 0.779 6640.136 1142.312
Average household size #/household 2.171 1.238 4.965 0.369
Average car ownership #/household 0.957 0.21 1.53 0.256
Female % 50.574 26.729 56.288 2.239
Youth (15-24) % 12.712 4.242 50.336 5.557
Elderly (65+) % 20.089 1.737 53.912 7.914
Households with low income % 40.622 14.01 70.208 11.795
Residents Western background % 9.981 0 26.545 2.299
Residents Non Western background % 8.787 0 57.476 10.115
Green votes % 54.055 28.329 83.013 12.514
LU residential m2 45.53 0 96.619 27.768
LU business m2 1.945 0 92.557 8.768
LU social and commercial m2 2.476 0 59.752 6.177
LU agricultural m2 1.762 0 96.791 10.570
LU recreational m2 3.69 0 64.138 8.447
LU amusement m2 0.407 0 44.867 3.165
Address density # 4688.102 0.41 44356.647 6405.905
Distance to station km 6.514 0.006 38.395 6.221
Parking rate €/hour 0 0 0.042 0.003
Jobs within buffer # 349.497 0 13796 1057.926
Train stations within buffer # 0.054 0 1 0.226
Hospitals within buffer # 0.015 0 1 0.120
Higher education within buffer # 0.011 0 1 0.106
Secondary education within buffer # 0.163 0 3 0.462
P+R within buffer # 0.026 0 1 0.159
Other bus stops within buffer # 1.742 0 8 1.122
Closest to train station Dummy 0.024 0 1 0.153
Closest to hospital Dummy 0.005 0 1 0.072
Closest to higher education Dummy 0.004 0 1 0.064
Closest to secondary education Dummy 0.061 0 3 0.280
Closest to P+R Dummy 0.009 0 1 0.096
Residents accessible # 84269.945 21 354560 56437.611
Jobs accessible # 46531.58 0 122441 23871.410
Hospitals accessible # 0.798 0 3 0.806
Higher education accessible # 1.101 0 6 0.833
Secondary education accessible # 8.422 0 35 7.032
P+R accessible # 1.537 0 6 1.374
Frequency #/hour 4.915 0.16 79.47 5.751
Directions # 2.769 1 36 2.937
Shelter Dummy 0.634 0 1 0.482
Bench Dummy 0.662 0 1 0.473
Digital information display Dummy 0.258 0 1 0.438
Bicycle stand Dummy 0.275 0 1 0.447
Accessible for disabled Dummy 0.703 0 1 0.457
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3.2.7 Operationalisation

Most of the data cleaning and data preparing for ArcGIS Pro and VBW is done with the use of
Python, the scripts can be found in 9. The flow of information is displayed in the operational
conceptualisation, in appendix 9.6. The variables, their units, expected sign, source, tool used and
the how they are calculated are displayed in table 7.

Table 7: Operationalisation

Variable Year
Expected

sign
Data source Tool used Operationalisation

Rides 2019 OV Oost
The number of boarders on a bus

stop in November, disregaring the direction

Residents 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Average household size 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Average car ownership 2019 - (CBS, 2019) ArcGIS Pro Catchment area
Female 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Youth (15-24) 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Elderly (65+) 2017 - (CBS, 2017) ArcGIS Pro Catchment area
Households with low income 2018 + (CBS, 2018) ArcGIS Pro Catchment area
Residents Western background 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Residents Non Western background 2017 + (CBS, 2017) ArcGIS Pro Catchment area

Green votes 2021 +
(Kiesraad, n.d.) &

(Open State Foundation, n.d.)
Python

(Kloosterboer, 2021)
Every stop is linked to the nearest polling station

LU residential 2015 + (RHDHV, 2019) ArcGIS Pro Catchment area
LU business 2015 + (RHDHV, 2019) ArcGIS Pro Catchment area
LU social and commercial 2015 + (RHDHV, 2019) ArcGIS Pro Catchment area
LU agricultural 2015 - (RHDHV, 2019) ArcGIS Pro Catchment area
LU recreational 2015 - (RHDHV, 2019) ArcGIS Pro Catchment area
LU amusement 2015 + (RHDHV, 2019) ArcGIS Pro Catchment area
Address density 2017 + (CBS, 2017) ArcGIS Pro Catchment area
Distance to station 2017 - (CBS, 2017) ArcGIS Pro Catchment area
Parking rate 2021 + (RDW, 2021a) ArcGIS Pro Total parking costs for November, divided by 720h
Jobs within buffer + Movares VBW Within catchment area
Train stations within buffer 2021 + (NDOV, n.d.) ArcGIS Pro within catchment area
Hospitals within buffer + Movares ArcGIS Pro within catchment area
Higher education within buffer 2021 + (DUO, 2021) ArcGIS Pro HBO and WO within catchment area
Secondary education within buffer 2021 + (DUO, 2021) ArcGIS Pro within catchment area
P+R within buffer 2021 + (RDW, 2021a) ArcGIS Pro within catchment area
Other bus stops within buffer 2021 - (NDOV, n.d.) ArcGIS Pro within catchment area
Closest to train station 2021 + (NDOV, n.d.) ArcGIS Pro Every facility is linked to the closest stop
Closest to hospital + Movares ArcGIS Pro Every facility is linked to the closest stop
Closest to higher education 2021 + (DUO, 2021) ArcGIS Pro Every facility is linked to the closest stop
Closest to secondary education 2021 + (DUO, 2021) ArcGIS Pro Every facility is linked to the closest stop
Closest to P+R 2021 + (RDW, 2021a) ArcGIS Pro Every facility is linked to the closest stop
Residents accessible 2019 + Movares VBW Accessible in 45 min without transfers
Jobs accessible + Movares VBW Accessible in 45 min without transfers
Hospitals accessible + Movares VBW Accessible in 45 min without transfers
Higher education accessible 2021 + (DUO, 2021) VBW Accessible in 45 min without transfers
Secondary education accessible 2021 + (DUO, 2021) VBW Accessible in 45 min without transfers
P+R accessible 2021 + (RDW, 2021a) VBW Accessible in 45 min without transfers

Frequency 2019 + (Open mobility data, 2019)
Better Bus

Buffer (ArcGIS)
All departing busses on 4-11-2019 divided by 24h

Directions 2019 + (Open mobility data, 2019) Rstudio If available at at least one quay, value is 1
Shelter 2021 + (NDOV, n.d.) If available at at least one quay, value is 1
Bench 2021 + (NDOV, n.d.) If available at at least one quay, value is 1
Digital information display 2021 + (NDOV, n.d.) If available at at least one quay, value is 1
Bicycle stand 2021 + (NDOV, n.d.) If available at at least one quay, value is 1
Accessible for disabled 2021 + (NDOV, n.d.) If available at at least one quay, value is 1
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3.2.8 Missing values

As described the CBS protects the privacy of residents and because of this 9,000 of the 24,000 zip
codes have one or more missing values for one of the demographics variables. Luckily, catchment
areas of stops exists most of times out of multiple zip codes. Thus, if one zip code with empty
values was removed from the data set, it did not lead to empty values for demographics for a bus
stop. For demographics which are represented in percentages, such as the percentage of the total
population that is between 15 and 24, it is assumed the percentages for the deleted demographics
of the deleted zip code are similar to the other zip codes in the catchment area. By removing a
zip code, the number of residents cannot be compensated by the other zip codes, but the influence
of number of residents will be limited as the CBS protects the privacy if there are less than five
residents.

Bus stops with missing values for other variables, such as frequency, were removed from the
model. This resulted in removing 23 bus stops out of the 988.

3.3 Model assumptions

3.3.1 Multicollinearity

As the first model is used to retrieve a better understanding what the relationships are and what
explains bus ridership, one of the first steps of an OLS-regression is to check for multicollinearity.
For predictive purposes, multicollinearity does not have to be examined (Morris & Lieberman,
2018). If there is multicollinearity, it means that some of the independent variables are highly
correlated and it could lead to coefficients being assigned the wrong sign. An indicator per variable
for multicollinearity is the variance inflation factor (VIF) (C. G. Thompson, Kim, Aloe, & Becker,
2017). The lower the VIF, the lower the multicollinearity. According to Marquaridt (1970) a VIF
higher than 10 is an indication of serious multicollinearity. With SPSS the VIF values are retrieved
and are displayed in table 9.7 9 and it can be seen that residents, address density, accessibility
residents and accessibility secondary education are the only variables with a VIF higher than 10.
When the two variables with the highest VIF are removed, residents and accessibility residents,
the VIF values for address density and accessibility secondary education drop below 10, see table
9.7 in the appendix.

3.3.2 Outliers and skewness

Outliers in data sets are data points that are far outside the norm for a variable (Stevens, 1984).
Osborne and Overbay (2004) names three unfavourable effects of outliers. They can decrease the
power of statistical tests and they can enlarge the error variance. Moreover, outliers could bias
estimates and outliers could lead to violation of the assumption that residuals (the observed value
- predicted value) are normally distributed. One way to identify outliers is to look at the z-score.
The Z-score shows how many standard deviations an observation is from the mean (Aggarwal,
Gupta, Singh, Sharma, & Sharma, 2019). An observation is seen as an outlier, when its z-score
exceeds 3 (Sincich, 1993). Looking at mean and standard deviation statistics in table 6, bus stops
with more than 45,000 rides should be labelled as outliers, which would lead to 11 outliers in the
data set. Excluding outliers is a common way to deal with outliers, since this will result in the
most honest estimates for the relationships between the explanatory variables and bus ridership
for the population (Judd & Kenny, 1981).

But by removing the top eleven highest ridership numbers, the model will be incapable to
estimate high number of travellers. Thus, the eleven bus stops will be kept in the model, but the
risk of violating the assumption of residuals being normally distributed persists. A way to prevent
violating the assumption is to look at the distribution of the variables. Variables with a skewed
distribution, especially the dependent one, could disturb the normal distribution of the residuals.
The extent to which a variable is skewed can be retrieved with SPSS and the values of skewness
are displayed in 19. Preferably, skewness has a value between -1 and 1 (Lindner, 2013). In the
appendix 19 it can be seen that rides exceed this, with a value of almost 18 and the skewness of
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rides is visualized in figure 4. The figure shows the frequency distribution of the number of rides
of the bus stops. The first bar shows how many times a value between zero and ten thousand rides
is seen in the data. The y-axis is cut off at 50, but the bar continued to almost 900.

There are various ways of transformation that can reduce the skewness of variables such as the
log-transformation or the Box-Cox transformation (Box & Cox, 1964). The log-transformation
is easier to apply but the Box-Cox transformation, see appendix 9.4, was found for this study
to reduce the skewness to a lower value than the log-transformation. Therefore, the Box-Cox
transformation is applied to rides and to frequency, the latter because frequency is also a highly
skewed variable and frequency will turn out later to be an important variable. Transforming all the
highly skewed variables will make it harder to interpret the model, so the usage of transformation
will be kept to a minimum. Applying the Box-Cox transformation is done in ArcGIS Pro and the
result of applying it to rides is displayed below. The skewness is reduced to 0.013 (SPSS).

Figure 4: Histogram rides

Figure 5: Histogram transformed rides

Furthermore, in this study Cook’s distance is examined to identify multivariate outliers. Cook’s
distance is calculated per observation and shows how much the regression line is influenced by that
observation (Cook, 1977). The calculation of Cook’s distance includes all the independent values
and the value for the dependent variable, in contradiction to a normal outlier for which only one
observation for a single variable is examined. When an observation has a high value for Cook’s
distance it means that removing this observation will result in a large change in the regression
model. Thus, Cook’s distance can be used to identify missing variables. The following rule of
thumb will be applied: if Cook’s distance is higher than three times the mean of all Cook’s
distances it can be considered as a multivariate outlier (Boussiala, 2020).
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3.4 Ordinary Least Squares

To see which variables affect bus ridership an OLS model will be estimated. To interpret the
results of the OLS, the model should not violate any of the OLS assumptions. The OLS regression
formula exists of four parts. Left of the equal to sign is the dependent variable (y). The size of
this variable is explained by looking at independent variables (x). These variables have varying
influences on y and these influences are represented by β, also known as coefficients. If a β is
positive and the corresponding x increases, y will increase too. There are influences that affect
y, but are not or could not be captured included in the model, these are represented in the error
term ε. The α is a constant. The standard formula for OLS is displayed below

y = α+ βx+ ε (1)

In this research multiple bus stops will be examined, so the number of y’s will be the same as
the number of bus stops in concession area Arnhem-Nijmegen (n). Looking at equation 1, this
will make y an n × 1 vector. X will be an nx × k matrix, where k is the number of independent
variables. β will be a k × 1 vector. ε will be in the same format as y, namely n× 1.

3.4.1 Variable selection

Multiple OLS models will be estimated. The first model is used to identify potential new variables,
by looking at patterns for example in the residuals or by looking at multivariate outliers. Then the
new independent variables are added to the model and their influence is described. After reporting
the influence of the variables on ridership per category, the variables with severe endogeneity
problems are removed from the model. A full model is estimated and after the results are described,
the OLS model is used to reduce the number of variables to make the model more clear and easier
to use. To ensure the most influential variables are included and the loss of explanatory power is
minimized, the variables are selected based on the ’forward selection’ process in SPSS. This process
starts estimating an OLS model with the variable that has the highest absolute correlation with
the dependent variable (IBM, n.d.). SPSS displays the results of the model and it keeps adding
variables one variable at the time. There are two conditions for adding a variable, the tolerance
level should be above 0.0001 and adding the variable does not lead to already included values to
drop their tolerance level below 0.0001. The choice can be made to include less variables than
there are in the last step of the forward selection process, as the fewer variables are included in
the model, the easier the model is to use. But, according to Prairie (1996), at least an R-squared
of 65% is necessary for acceptable predictions and the prediction accuracy increases rapidly when
the R-squared increases, will be kept in mind.

3.4.2 Significance

To conclude if there is actually a relationship between an independent variable and the dependent
variable, the significance level is examined. The significance level is the probability of rejecting
the null hypothesis, when the hypothesis is true. For every independent variable in this study,
the null hypothesis is that there is not a relationship between the independent variable and the
dependent variable. An example, for accessibility residents the null hypothesis is that there is not
a relationship between accessibility residents and bus ridership. When this hypothesis is rejected it
means that there is a relationship. If the significance level of accessibility residents of 0.005 means
there is a 0.5% probability there is not in reality a relationship between accessibility residents and
bus ridership while it is assumed there is. Thus, the lower significance the better. In this study a
relationship is significant, when the significance level is below 0.1.
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3.5 Spatial regression

In chapter 2 the existence of spatial auto-correlation was only assumed. The existence can be
demonstrated by examining the residuals of the OLS model with the Moran I test (Griffith,
2000). The Moran I test, equation 2, examines neighbouring values of the residuals retrieved
from the OLS, with the use of the spatial weight matrix Wij , which will be explained below. In
the numerator of the right fraction, it calculates when two stops are neighbours, how much for
both neighbours, the values for the residuals differ from the mean. If both stops have either or
considerably higher values or considerably lower values, the result will be a large positive value,
which is thus an indicator the residuals of the neighbours show resemblance. The right denominator
can be seen as a standardizer. The left part of the right side of the equation equals 1 in this study,
so it can be neglected. To existence of spatial auto-correlation is proved when the Moran I test is
significant.

I =
N∑

i

∑
jWij

∑
i

∑
jWij(ei− x)(ej − x)∑

i(xi− x)2
(2)

If the existence of spatial auto-correlation is proved, the spatial lag x and the spatial error
model turned out to be the most suitable models for explaining bus ridership. The first model
examines if the dependent variable is affected by the independent variables of a neighbour. The
formula for this model is displayed below:

y = α+ ρxWij + βx+ ε (3)

The βx has the same function as in the OLS model and can be labelled as the direct influence
of the variable on the dependent variable. ρxWij can be described as the indirect influence, the
influence that values for independent variables of neighbouring stops have on the ridership of a
stop (Burkey, 2018). ρ, also called the spatial auto regressive parameter, is an estimation of the
strength of the influence of neighbouring independent variables on the dependent variable (Gan et
al., 2019). Wij is the spatial weight matrix and will be explained below. The formulas to capture
spatial auto-correlation in the error term, is presented below. Where the formula of the SLX looks
like an OLS function with an extra factor, the SEM consist out of two formulas. This is because
the SEM model bases the sizes of its coefficients on the spatial distribution of the error terms
and in order to get an error term the observed value should be subtracted from a predicted value,
therefore the first formula is needed.

y = α+ βx+ µ (4)

µ = ρµWij + ε (5)

The models will be estimated in Rstudio, based on a script of Burkey (2018).

3.5.1 Spatial weight matrix

The spatial weight matrix contains information if bus stops are neighbours of each other. It does
not contain information on the extent to which neighbours are influencing each other, the rho is
estimated to capture this. There are different kind of matrices, examples are one with the distances
as the crows fly between stops or the travel times. Another matrix is filled with ones and zero’s,
ones if stops are directly connected to each other, zeroes if otherwise. Choosing the proper spatial
weight matrix is of great importance, as the spatial weight matrix can have a substantial effect on
the results (Tiefelsdorf, Griffith, & Boots, 1999). But support in choosing the right spatial weight
matrix in literature is limited (Anselin, 2002). In this research, the neighbours of every stop are
the three closest neighbours to the stop. The number of neighbours is deliberately set low, because
of the spread of the stops as can be seen in 3. For the stops at the provincial roads a high number
of stops would not be justifiable. In the spatial weight matrix, each row and each column represent
a bus stop in Arnhem-Nijmegen, the length of the rows and the columns is thus 965. The matrix
will be standardized for every neighbour each stop has. As the number of neighbours is fixed, the
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matrix will mainly exists out of zeros but every row will have three 0.333 values if the stop in the
column is one of the three closets stops.

3.6 Prediction

To know the predicted value for a bus stop the values for the independent variables, the corre-
sponding coefficients and the constant α are filled in the equations described above. There are
various metrics that can express the predictive capability of a model. The Akaike Information
Criterion (AIC) can be used to compare the predictive power of different models on the same data
set (Shmueli, 2010). Although the AIC does say something about the predictive power between
models, the metric is not specific enough to know how a predictive model performs. Therefore,
there will be looked at the root mean square error (RMSE) and mean absolute error (MAE). Each
has its own focus on a certain aspect of the residuals (errors). For both goes, the lower the better.

MAE is a metric for the average size of the residuals. It sums the residuals and divides it by
the number of observations (Chai & Draxler, 2014). To calculate the RMSE, the residuals are
first squared, before they are divided by the number of observations. This way larger residuals are
penalized. For policymakers an overestimate of 200 rides could be worse than two overestimates of
100, therefore will be looked at the RMSE. But a high RMSE could be caused by one exceptional
case. That is why both metrics are useful for predicting bus ridership at stop level.

The RMSE and MAE are suitable metrics to express the accuracy of the model, but these
single values are not useful to study the prediction accuracy. When the residual and the relative
residual are examined, it is possible to see in which areas the model performs well and in which
area it performs less well. Both are necessary to study, a residual of 500 may not seem like a lot
spread over the 21 week days in November but if the actual ridership was 5 it can be seen as a
serious mismatch. On the other hand, in the data there are some stops with 1 ride for the whole
month November, if the model predicts 20 rides it results in a relative residual of 2000%.

The relative residual is retrieved by subtracting the observed value from the predicted value
and then the retrieved value is divided by the observed value, times 100%.

Rstudio will be used to estimate the three regression models, to retrieve the metrics and to
retrieve the prediction intervals.

3.7 Conclusion

For deciding which variables to include in the model, the availability of data is of a major im-
portance. The fare tickets of the bus are the same in the study area, therefore it is redundant
to include this variable. This all resulted in a selection that can be categorised in three groups,
demographics, built environment and level of service. In table 8 the variables are displayed, which
will be included in the models but were not found the in literature review.

Table 8: Included variables, which were not identified in the literature review

Demographics Built environment Level of service
Green votes LU amusement Bicycle stand

Secondary education within buffer Accessible for disabled
Closest to train station
Closest to secondary education
Closest to higher education
Closest to secondary education
Closest to P+R
Hospitals accessible
Higher education accessible
Secondary education accessible
P+R accessible
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Statistical models will be used with two purposes in this study, explaining and predicting. For
this first purpose, the assumptions of OLS should not be violated in order to get the best estimates
for the coefficients. The first part of the next chapter discusses the OLS results of the first model,
which is based on the variables mentioned in this chapter. This model will be evaluated and
checked where the model performs poorly. New variables that could improve the performance are
discussed and added the model. Then the relationships between the independent variables and
dependent variables are discussed per variable category. This way, insights are retrieved which
variables per category are affecting ridership the most. After some variables have been disregarded,
three full models (OLS, SLX and SEM) and their results are interpreted. To make the prediction
model easy to use, the number of explanatory variables is reduced and new OLS and SLX models
will be estimated. The process of the different models and the flow of variables is summarized in
6.

Figure 6: Conceptualisation models
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4 Explaining bus ridership

In this chapter multiple regression models will be estimated. The first model estimated, will not
be discussed in depth, because it will mainly be used to examine if there are other explanatory
variables missing. Afterwards, a sub-model is estimated for each of the variable categories to
have a clear view on the relationships between the explanatory variables and bus ridership. Then
the full model with all the variables included, is examined. Comparisons are made between the
significance of the relationships in the sub-models and in the full model and the extent of which
the independent variables affect the ridership. This, to get a better understanding how the model
behaves. Subsequently, the need for spatial regression models is proved, after which spatial models
are estimated. The results are interpret and compared with the OLS model.

4.1 Results first model

The first model has a R-squared of 74.41%, which means that 74.41% of observed variation can
be explained by the explanatory variables and the values for the coefficients and the significance
levels are displayed in the appendix 21. To discover missing explanatory variables, the first step is
examining the standardized residuals in ArcGIS Pro to see if there are any patterns. In figure 7,
the bus stops are displayed and a red color stands for that the estimated number of rides is below
the actual number and blue represents an overestimate of the number of rides.

What is striking is the number of blue dots in Dieren, east of National Park de Veluwezoom
and the blue dots in the direction to Doetinchem. A reason could be road constructions, but
according to https://wiki.ovinnederland.nl/ the buses were driving their normal schedules around
Dieren and Doetinchem. Another reason could be the multiple bus operators stopping at the same
stop, for the road to Doetinchem it is Breng and Arriva and for Dieren it is Breng and Syntus.
The smart card data set only contains the rides for Breng. Thus, the number of bus operators
that stop at a bus stop could be a valuable explanatory variable and this variable has not been
studied before in other studies. Other blue dots that caught the eye were the stops above the
river, north of Nijmegen. This led to the idea to examine the difference in travel time between
bus and bike, something which has not been examined before as well. Furthermore, the model
seems to underestimate the number of rides in the city centres of Arnhem and mostly in Nijmegen.
Apparently, address density, number of jobs, social and commercial land-use and frequencies are
not enough to capture the city center effect. The variable distance to city center, seen in chapter
2, could have been helpful for this.

Figure 7: Standardized residuals
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When examining the standardized coefficients and the significance levels of the explanatory
variables in appendix 21, it is noticeable that there is a positive significant relationship between
ridership and if a stop is accessible to disabled. In section 1.1.1, we saw that the disabled travel less
and the public transport does not play a bigger part for them. Thus, it is likely that the positive
relationship between stops being accessible to disabled has a different cause. Looking at figure 8
it is hard to find a pattern, the red dots mean that the stop is accessible for disabled. Many of the
stops in Arnhem and Nijmegen are accessible for disabled and have a high ridership, but there are
other independent variables, such as address density or the number of jobs, that should be able to
explain the high ridership. Furthermore, there seems a cluster of non-accessible stops for disabled
in Dieren, but the overestimating is likely to be caused by the multiple bus operators at a stop.
The provincial roads seem to have vary in accessibility for disabled, which makes it hard to find a
new explanatory variable.

Figure 8: Stops that are accessible for disabled

The last way new to identify new variables, is by looking at Cook’s distance. In figure 9 all the
stops with a Cook’s distance three times greater than the mean are displayed in red. By closer
inspection in ArcGIS Pro it appeared that the stops at Arnhem central station and Nijmegen
central station are multivariate outliers. The bus stops at these stations have without a doubt the
highest number of rides, namely 350,000 and 150,000. For comparison, the stop with the tenth
highest number of rides, has 47,000 rides. Apparently the closest to station, address density and
frequency variables are not enough to explain the high number of rides at these stops. A reason
for this, can be found in the number of train passengers of the stations in the concession area.
The closest bus stop to train station Arnhem Centraal is likely to cause a higher number of bus
passengers than the train station in Dieren. Thus, this should be taken into account in the model.

The stop with the second highest Cook’s distance, the highest was Nijmegen Centraal, was a
stop Venlo in the south of the Netherlands. Venlo is included in the smart card data, because of a
bus route 83 going from Nijmegen to Venlo and vice versa. The data contains only one boarder in
Venlo for the month November, something that seems highly irregular for a stop right in the heart
of Venlo, with a population over 100,000 (Alle Cijer, 2021). The bus route is shared by Arriva and
Breng, which could explain the discrepancy. Because of the unlikeliness of only one boarder and
the influence the stop has on the regression model, the choice has been made to exclude the stop.
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Figure 9: Cook’s distance

4.1.1 Implementing new variables

For data on the number of bus operators stopping at a bus stop the same data set used as for
frequency, namely the GTFS data set (Open mobility data, 2019). It does not contain directly
the number of operators and Rstudio is used to retrieve this information. The variable turned
out to be significant, but unfortunately it did lead only to an increase of 0.36% in the R-squared
to 74.7%. A reason for this, could be that only 192 out of the 965 bus stops has multiple bus
operators.

To see what the effect is of the difference between bike time and bus time on bus ridership,
for each stop the travel time to the nearest train station is calculated with the use of the VBW.
Then the travel time for the bike is subtracted from the travel time of the bus. This difference
is added as variable to the model and it turned out that the bike is the faster mode for 23% of
the bus stops. But as can be seen in figure 22, the number of rides of bus stops where the bike is
faster is broadly spread and it is impossible to find a linear relationship. The relationship between
difference in travel time and bus ridership turned out to be insignificant.

To deal with the high number of bus passengers at large train stations, the interaction term
closest to station x address density is added, since data on the train passengers per train station
was not available for the train operator Arriva. This interaction term turned out to be insignificant.
Including a dummy variable if a stop was at a central station was more successful. The R-squared
increased to 0.751.

4.2 Regression model per category

The next models contain subsets of the explanatory variables described in chapter 3, without
residents and accessibility residents and is complemented with the number of bus operators at a
stop and a dummy if the stop is at a central station. In this section a more in depth explanation
of the model will be given and afterwards the full model is discussed.
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4.2.1 Demographics

First the influence of demographics on bus ridership is analysed with the use of SPSS. It turned out
that demographics can explain 26% of the bus ridership. In the table below, it can be seen that two
variables have a significance level under 0.01, namely average car ownership and the percentage of
elderly. The negative relationship between elderly and ridership, is logical as described in section
1.1.1. And if the average car ownership is low, the bus ridership is high, which is logical as well.
The percentage female and percentage of residents with a Western background, excluding Dutch,
are both positively affecting ridership, with a significance level under 0.1. The other independent
variables are not significant. Thus, this means this model cannot say with high certainty that
there is a relationship between ridership and percentage youth, percentage green votes, percentage
of residents with a non-Western background and average household size. To determine which of
the significant variables is affecting ridership the most, the absolute value of the standardized
coefficients (Beta) is examined. Average car ownership, turned out to affect ridership the most,
then percentage elderly, percentage female and percentage Western background.

Table 9: Demographics

Unstandardized
Coefficients

Standardized
Coefficients

B Std. Error Beta t Sig.
(Constant) 5.254 3.839 1.368 0.171
Average household size 0.101 0.475 0.011 0.213 0.832
Average car ownership -4.139 0.977 -0.300 -4.237 0.000***
Female 0.104 0.054 0.066 1.930 0.054*
Youth (15-24) 0.027 0.025 0.043 1.084 0.279
Elderly (65+) -0.066 0.017 -0.149 -3.977 0.000***
Households with low income 0.023 0.015 0.077 1.542 0.123
Residents Western background 0.086 0.050 0.055 1.718 0.086*
Residents Non Western background -6.206E-05 0.015 0.000 -0.004 0.997
Green votes 0.014 0.012 0.050 1.207 0.228
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01

4.2.2 Built environment

The R-squared, or in other words the explanatory power of the built environment variables is
43.7%. From the 27 variables, thirteen variables have a significance level below 0.05 and two
have a significance level below 0.1. Residential land-use appeared to affect ridership the most
and thereafter social and commercial land-use. In agricultural regions the bus ridership is low,
as expected. Recreational land-use (sport facilities and parks) on the other hand seem to have,
surprisingly, a positive influence on ridership. Furthermore, the higher the address density or the
parking costs, the higher the ridership. There are two causes for the relationship between parking
costs and ridership. The first one is because of the high parking costs, people choose the bus over
the car or the parking costs are high because the stop is in a popular area, which explains the
higher ridership. Distance to station turned out to have a significant effect, in contrary with the
findings of Guo and Huang (2020).

The within buffer variables turned to be better at explaining ridership than the close to vari-
ables. Of the latter group, only closest to train station turned out to be significant, while for the
within buffer group train stations, hospitals and higher education are significant. It is noticeable
that train station appears in both and that their VIF factors are low. Examining the frequencies
of those variables, shows that there are 23 stops that are the closest stop for a train station and
52 stops that have a train station within their catchment area. It turns out that for a stop, being
close to a station, but not being the closest has a negative influence on the ridership. This seems
sensible, as many travellers will not take the bus for one stop, when heading to the station. The
absolute value for standardized coefficient for closest to is higher than the one for within buffer,
so the effect of a train station for the closest bus stop is still positive on bus ridership, especially
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for the central stations. The presence of competitive bus stop in the catchment area turns out to
have a negative effect on the number of rides.

Applying the Forward Selection confirms above described. For the facilities, except for the
train station, the within buffer will be included in the full model. For the train station closest to
will be included.

The amount of jobs can be reached from a bus stop, is the most influential built environment
variable. The higher the amount of jobs that can be reached, the higher number of bus rides.
The amount of higher education facilities a traveller can reach from a stop affects bus ridership
positively as well.

Table 10: Built environment

Unstandardized
Coefficients

Standardized
Coefficients

B Std. Error Beta t Sig.
Constant) 4.406 0.270 16.304 0.000***
LU residential 0.013 0.004 0.101 2.882 0.004***
LU business 0.006 0.010 0.014 0.555 0.579
LU social and commercial 0.034 0.019 0.058 1.807 0.071*
LU agricultural -0.018 0.008 -0.053 -2.099 0.036**
LU recreational 0.022 0.011 0.052 1.954 0.051*
LU amusement 0.026 0.028 0.023 0.914 0.361
Address density 4.781E-05 0.000 0.087 2.191 0.029**
Distance to station 0.101 0.017 0.178 5.800 0.000***
Parking rate 75.340 30.513 0.064 2.469 0.014**
Jobs within buffer 1.985E-05 0.000 0.006 0.172 0.863
Train stations within buffer -1.139 0.555 -0.073 -2.052 0.040**
Hospitals within buffer 2.243 0.931 0.076 2.408 0.016**
Higher education within buffer 2.950 1.089 0.089 2.708 0.007***
Secondary education within buffer 0.377 0.251 0.049 1.503 0.133
P+R within buffer 0.034 0.741 0.002 0.046 0.963
Other bus stops within buffer -0.396 0.086 -0.126 -4.600 0.000***
Closest to train station 3.945 0.803 0.171 4.910 0.000***
Closest to hospital 1.532 1.512 0.031 1.013 0.311
Closest to higher education -1.788 1.788 -0.033 -1.000 0.318
Closest to secondary education 0.021 0.395 0.002 0.053 0.958
Closest to P+R 0.824 1.185 0.022 0.695 0.487
Jobs accessible 4.787E-05 0.000 0.324 6.760 0.000***
Hospitals accessible -0.162 0.154 -0.037 -1.051 0.294
Higher education accessible 0.420 0.144 0.099 2.905 0.004***
Secondary education accessible 0.033 0.032 0.066 1.019 0.308
P+R accessible -0.028 0.142 -0.011 -0.197 0.844
Dummy central station 5.698 2.164 0.074 2.632 0.009***
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01
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4.2.3 Level of service

The category with the highest R squared (69.6%) is level of service, and that is mostly due to
the frequency. Frequency has by far the highest standardized coefficient and is positively related
to ridership. The number of directions is positively related too. When only the smart card data
of one agency is examined, the number of operators has a negative effect on ridership, just as
expected. When the smart card data of all the bus operators is included in a model, the number
of operators is expected to have a minor or even a positive influence of the number of rides.

As mentioned in chapter 3, the endogeneity problem arises the most with the level of service
variables. Chances are high that a digital travel information display is placed, because a bus stop
has many rides, just as with frequency, number of directions, shelter and benches. This does not
have to apply to bicycle parking and accessible for disabled. But the first one is not significant and
for the second it is doubtful the effect is truly caused by bus stops being accessible for disabled.
The objective of this study is to predict the number of rides and because of the endogeneity
problem the physical bus stop characteristics are not suitable for prediction. When a new stop is
planned, the choice of whether to add a digital information display to the bus stop or not would
affect the expected number of rides. The values for the variables frequency, number of directions
and number of operators can be more substantiated, since new bus stops should be integrated in
existing bus routes or new bus routes should be designed. Therefore, these three variables are still
included in the model.

Table 11: Level of service

Unstandardized
Coefficients

Standardized
Coefficients

B Std. Error Beta t Sig.
(Constant) 4.592 0.214 21.443 0.000***
Frequency 1.970 0.088 0.584 22.484 0.000***
Directions 0.081 0.031 0.067 2.641 0.008***
Bus operators -0.800 0.162 -0.106 -4.947 0.000***
Shelter 0.215 0.223 0.029 0.968 0.333
Bench 0.974 0.227 0.131 4.286 0.000***
Digital information display 1.520 0.168 0.188 9.044 0.000***
Bicycle stand -0.121 0.153 -0.015 -0.793 0.428
Accessible for disabled 0.892 0.162 0.116 5.496 0.000***
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01

4.3 Full model OLS

The full model exists out of the variables discussed in the previous three models. First it will be
examined if the assumptions for multiple regression are violated. Thereafter, the results of the
full model will be discussed.

4.3.1 Multiple regression assumptions

One of the multiple regression assumptions is that there is no multicollinearity in the data. In
table 12 it can be seen that no variable has a VIF value over ten and only three variables have
a VIF higher than five. There are two plots in the appendix to check if the residuals of the OLS
model are normally distributed and if the variance of the residuals is constant. The conclusion can
be drawn, that there is no severe violation of the two assumptions. Moreover, the values of the
residuals should be independent and to check this the Durbin Watson value is used. The Durbin
Watson value can take values between zero and four and two is the most optimum value. This
model has a Durbin Watson of 2.05 see Appendix. But this does not mean the assumption is met,
because the Durbin-Watson is unable to capture spatial auto-correlation in the error terms. After
discussing the results of the full OLS model, it is examined if there exists spatial auto-correlation
in the error terms.

34



4.3.2 Results

A model including all the demographics, built environment and level of service variables has an
explanatory power of 75.8%, which is 1.4% lower than the explanatory power of Kerkman et al.
(2015). One of the reasons for the discrepancy is not including the distance to center variable,
which was found to have a large influence on bus ridership in the study of Kerkman et al..

After removing the physical stop characteristic, such as the presence of a shelter, there are 34
variables left which can explain 71.4% of the ridership. From the nine demographics variables,
four are significant, see table 12. It is shown that a higher car ownership will results in a lower bus
ridership. In section 1.1.1, we saw that the percentage of trips made by bus for elderly was similar
to the average Dutch person. The negative relationship between elderly and bus ridership can be
explained by that the elderly travel less. Ethnicity and percentage of households with a low income
do not influence bus ridership significantly, in contrast to findings in chapter 2. Apparently, there
are no cultural differences in the Netherlands when it comes to bus travel behaviour. Kerkman
et al. (2015) did find a significant negative relationship between income and bus ridership, but in
their model car ownership was not included. In appendix 9.11, it can be seen that percentage low
income households and car ownership are strongly correlated and in this study car ownership is
more important for bus ridership than percentage low income households.

The land-use variables are performing well, only business and agricultural are not significant.
The definition for business is probably too large, as the data includes offices as well as industrial
companies. Two land-uses that could have different kinds of bus travel behaviour. Agricultural
was expected to have a negative influence on the number of rides, but this relationship is not
significant.

Address density, the parking rate and jobs within buffer have lost their significance. This is
likely due to frequency being included in the model, as the address density, parking rate and the
number of jobs are high in areas where the frequency of the busses is high as well. What the
model looks like without frequency is displayed in table 22 in the appendix and it can be seen that
address density, parking rate and jobs within buffer are significant.

The results for higher education within buffer and secondary education within buffer are aligned
with the numbers of CBS, seen in section 1.1.1. The presence of these educational facilities does
increase the ridership. It is interesting to see that Park and Ride is the only facility without
a significant relationship. Two reasons for this could be that the Park and Rides in Arnhem-
Nijmegen are not attracting many travellers or the travellers that do park at the Park and Rides
choose to not take the bus.

A model with frequency and accessibility higher education, resulted in the loss of significance for
the latter. This is likely to be caused by the fact that bus stops on the routes to higher education
facilities have a high frequency and thus including frequency in the model makes the accessibility
of higher education redundant. The relationship between rides and accessibility of hospitals stayed
significant. In the appendix 9.12 it is visible that the correlation between frequency and accessibility
higher education is higher than between frequency and accessibility hospitals.
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Table 12: Full model

Unstandardized Coefficients Standardized Coefficients

B Std. Error Beta Sig. VIF
(Constant) 2.283 2.636 0.387
Average household size 0.610 0.315 0.062 0.053* 3.378
Average car ownership -1.346 0.687 -0.095 0.050** 7.672
Female 0.018 0.038 0.011 0.634 1.822
Youth (15-24) 0.039 0.018 0.06 0.035** 2.583
Elderly (65+) -0.032 0.012 -0.07 0.007*** 2.190
Households with low income 0.009 0.010 0.029 0.404 3.770
Western background 0.036 0.034 0.023 0.288 1.466
Non Western background -0.001 0.010 -0.002 0.946 2.769
Green votes 0.004 0.008 0.013 0.652 2.745
LU residential 0.021 0.004 0.165 0.000*** 2.548
LU business -0.011 0.008 -0.026 0.184 1.201
LU social and commercial 0.028 0.014 0.047 0.049** 1.841
LU agricultural -0.005 0.006 -0.016 0.396 1.096
LU recreational 0.018 0.008 0.041 0.032** 1.210
LU amusement 0.039 0.021 0.035 0.063* 1.124
Address density -1.332E-05 0.000 -0.025 0.470 4.003
Distance to station 0.045 0.013 0.078 0.001*** 1.731
Parking rate 11.374 22.532 0.009 0.614 1.122
Jobs within buffer 1.559E-05 9E-5 -0.024 0.368 2.223
Hospitals within buffer 1.815 0.558 0.06 0.001*** 1.112
Higher education within buffer 1.979 0.678 0.058 0.004*** 1.291
Secondary education within buffer 0.281 0.148 0.036 0.058* 1.159
P+R within buffer -0.208 0.442 -0.009 0.638 1.228
Other bus stops within buffer -0.109 0.065 -0.034 0.095* 1.341
Closest to train station 1.145 0.464 0.049 0.014** 1.252
Jobs accessible 0.000 0.000 0.093 0.010*** 4.236
Hospitals accessible -0.218 0.116 -0.049 0.061* 2.175
Higher education accessible 0.095 0.112 0.022 0.396 2.181
Secondary education accessible -0.012 0.024 -0.024 0.602 7.078
P+R accessible -0.098 0.108 -0.037 0.365 5.460
Dummy central station 2.882 1.762 0.036 0.102 1.603
Frequency 2.586 0.106 0.632 0.000*** 2.186
Directions 0.064 0.038 0.052 0.090* 3.052
Bus operators -0.447 0.175 -0.058 0.011** 1.662
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01
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4.3.3 Conclusion

So far, new explanatory variables have been identified, dummy central station and the number of
operators. Several sub models have been estimated to retrieve an understanding how the model
behaves. It turned out that the within buffer variables outperformed the newly examined closest
to variables, only for train stations pointing out the closest stop was an improvement over the
within buffer variant. Furthermore, the level of service variables were found to be able to explain
bus ridership the most. But the endogeneity problem should be kept in mind.

For the full model the severe endogenous bus characteristics were disregarded, because it is
hard for these characteristics to substantiate the choice of adding them when a new bus stop is
planned. Frequency turned out to be all-encompassing, which is rather logical as the frequency
is determined based on previous ridership. When the previous ridership is high, the frequency is
likely to be increased.

For the variables address density, parking rate, jobs within buffer and accessibility higher ed-
ucation a significant relationship with bus ridership is dependent on whether frequency is in-
cluded. Newly identified significant relationships are land-use amusement secondary education
within buffer and accessibility of hospitals, which are all positively related to ridership. For po-
litical preference expressed in the percentage green votes, the presence of bicycle stand, secondary
education accessible and P+R accessible no significant relationship with rides was determined.

The assumptions for multiple regression have been discussed, but spatial auto-correlation in
the error term could lead to false interpolation of the results. Therefore in the next section, the
spatial models are discussed.

4.4 Full model SLX & SEM

In chapter 2 the existence of spatial auto-correlation was only assumed. The existence can be
demonstrated by examining the residuals of the OLS model with the Moran I test, see section
4.4. Significance of the Moran I test means that the hypothesis that there is not spatial auto-
correlation in the error terms can be rejected. The test was conducted in Rstudio and the p-value
was 3.2e-11, thus it can with a high certainty be concluded there exists spatial auto-correlation
and spatial models are required.

The same independent variables as seen in the OLS full model are used for the SLX and
SEM models. For the SLX model, the list of independent variables is completed by adding the
neighbouring values of those independent variables. The OLS and SEM model do not take those
neighbouring values into account, therefore it is not possible to compare the estimates of the OLS
and SEM models with the direct effects of the SLX model. For that reason, the OLS and SEM
models will be compared first and afterwards the results of the SLX model are discussed.

4.4.1 Spatial Error Model

The SEM model has a explanatory power of 72.4% and the estimates are shown in table 13. It
is striking to see that some variables are significant in the OLS model and are not significant in
the SEM model. The technical reason for this is that the clustering of the residuals has led to
different estimates and different significance levels.

One of the variables that is not significant in the SEM model is secondary education within
buffer and this variable will be used as example to demonstrate how a difference in significance
level can be caused. When the spatial distribution of bus ridership, figure 3, and the locations
of secondary schools are compared, figure 25 in appendix 9.13, the schools are often found where
the ridership is high. The OLS model, which does not take locations into account, concludes that
a secondary school in the catchment area has a positive effect on the number of rides. But the
SEM model looks at the residuals of the neighbours, which could have no secondary schools in
the catchment area, and sees that the model underestimates the number of rides for these stops.
Therefore, the model can conclude that the high number of rides is not caused by the presence of
the secondary school, but it is caused by a different variable.
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The same principle goes for car ownership. In appendix 9.14 it is visible that car ownership
is high in the smaller towns and low in the cities, which is the opposite pattern of rides. The
OLS model concludes that there is a negative relationship between rides and car ownership. The
SEM model sees that the bus stops with high car ownership are spatially related and concludes
the lower number of rides in villages is not caused by the high car ownership.

The reason for the loss of significance for the accessibility variables, could be that the limit on
access time to reach the bus stop was set too large in the VBW. In ten minutes it could be possible
to reach another stop. Accessibility values for neighbouring stops could therefore be very similar
and this is probably the reason why the SEM model concludes that the relationships between
rides and the accessibility variables are not significant. A more elaborate explanation is provided
in appendix 9.15.

Table 13: OLS and SEM Full model

OLS SEM
B Std. Error Sig. B Std. Error Sig.

(Constant) 2.283 2.636 0.387 1.562 2.878 0.587
Average household size 0.610 0.315 0.053* 0.639 0.344 0.063*
Average car ownership -1.346 0.687 0.050** -0.930 0.737 0.207
Female 0.018 0.038 0.634 0.009 0.041 0.830
Youth (15-24) 0.039 0.018 0.035** 0.053 0.021 0.012**
Elderly (65+) -0.032 0.012 0.007*** -0.024 0.013 0.073*
Households with low income 0.009 0.010 0.404 0.011 0.012 0.356
Western background 0.036 0.034 0.288 0.029 0.037 0.431
Non Western background -0.001 0.010 0.946 0.004 0.012 0.765
Green votes 0.004 0.008 0.652 0.007 0.010 0.450
LU residential 0.021 0.004 0.000*** 0.027 0.004 0.000***
LU business -0.011 0.008 0.184 -0.009 0.008 0.297
LU social and commercial 0.028 0.014 0.049** 0.042 0.015 0.005***
LU agricultural -0.005 0.006 0.396 -0.003 0.007 0.649
LU recreational 0.018 0.008 0.032** 0.019 0.009 0.029**
LU amusement 0.039 0.021 0.063* 0.039 0.023 0.094*
Address density -1.332E-05 0.000 0.470 2.325E-5 2.300-05 0.312
Distance to station 0.045 0.013 0.001*** 0.039 0.016 0.014**
Parking rate 11.374 22.532 0.614 14.073 20.894 0.501
Jobs within buffer 1.559E-05 9E-5 0.368 0.000 0.000 0.395
Hospitals within buffer 1.815 0.558 0.001*** 1.796 0.600 0.003***
Higher education within buffer 1.979 0.678 0.004*** 1.862 0.737 0.012**
Secondary education within buffer 0.281 0.148 0.058* 0.216 0.156 0.165
P+R within buffer -0.208 0.442 0.638 -0.273 0.472 0.563
Other bus stops within buffer -0.109 0.065 0.095* -0.051 0.067 0.445
Closest to train station 1.145 0.464 0.014** 1.257 0.433 0.004***
Jobs accessible 1.401E-5 5.464E-6 0.010*** 9.502E-6 6.307E-6 0.132
Hospitals accessible -0.218 0.116 0.061** -0.214 0.134 0.111
Higher education accessible 0.095 0.112 0.396 0.073 0.128 0.570
Secondary education accessible -0.012 0.024 0.602 -0.013 0.028 0.642
P+R accessible -0.098 0.108 0.365 -0.108 0.123 0.380
Dummy central station 2.882 1.762 0.102 1.462 1.617 0.366
Frequency 2.586 0.106 0.000*** 2.654 0.109 0.000***
Directions 0.064 0.038 0.090* 0.094 0.038 0.012**
Bus operators -0.447 0.175 0.011** -0.530 0.184 0.004***
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01
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4.4.2 Spatial Lag X model

The number of independent variables has doubled in the SLX model. The extra added variables
are the variables for the neighbouring values, the indirect effects. To reduce multicollinearity, nine
neighbouring independent variables have been excluded from the model. The SLX model can be
written as an OLS model, which makes it possible to conduct a Moran I test for the SLX model.
The significance level of the test is very low, namely 5.96e-6. This means that the probability of
spatial auto-correlation in the error term is still high and that the SLX model does not include all
the explanatory variables that cause the spatial auto-correlation.

The SLX model has the highest explanatory power of the three models (73.4%) and the esti-
mates of the SLX model are shown in appendix 9.16. Interesting to see, but not unexpected, is
the significant negative relationship between rides and the number of directions of neighbouring
bus stops. This means that travellers are willing to go to a different stop, if this stop has a higher
number of directions.

More surprising are the significant negative relationships between ridership and neighbouring
residential land-use and ridership and neighbouring social and commercial land-use. When a SLX
model is estimated without neighbouring residential land-use the coefficient residential land-use is
estimated lower than when neighbouring residential land-use is included. Apparently, the model
gets better results by assigning larger coefficients to residential land-use and compensating this
by neighbouring residential land-use. The same goes for social and commercial land-use.

4.5 Reduced model

A prediction model with 34 explanatory variables is hard to use and many variables will have
a limited influence on the prediction accuracy. To reduce the number of variables, the forward
selection process is applied. The values for the R-squared and the AIC for estimated models in
the process are displayed in figure 10. After including six variables the increasing of the R-squared
and the decreasing of the AIC seem to have slowed down significantly. To improve the prediction
power, the choice has been made to include twelve variables in the reduced model, as the R-squared
is not remarkably high. Removing the 23 variables resulted in a decrease in explanatory power of
1.2% to 70.2% for the OLS model and a decrease of 1.5% to 71.9% for the SLX model.
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Figure 10: Forward selection process

The twelve variables and their estimates of the OLS and SLX models are displayed in table 14.
The SEM model is disregarded as this model will not be used for predictions. It is noticeable that
land-use for amusement parks and zoos was significant in the full model, but is not included in
the reduced model. The reason for this is probably the fact that the area Arnhem-Nijmegen only
consists of a small part of amusement. The same goes for the dummy for central station, which
only concerned two out of 964 stops. Apparently, the added value of youth and average household
size is too limited to be included as well. For the SLX model it is noticeable that Lag x Frequency
is significant, while it was not significant in the full model. The reason for this is probably the
exclusion of the directions variable and thereby the exclusion of neighbouring directions.
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Table 14: Estimation results reduced model OLS and SLX

OLS SLX
B Sig. B Sig.

(constant) 5.772 0.000*** 6.496 0.000***
Average car ownership -1.390 0.000*** -0.720 0.316
Elderly (65+) -0.034 0.000*** -0.012 0.421
LU residential 0.019 0.000*** 0.034 0.000***
LU recreational 0.016 0.040** 0.014 0.179
Distance to station 0.049 0.000*** 0.028 0.273
Hospitals within buffer 1.975 0.000*** 1.476 0.048**
Higher education within buffer 2.717 0.000*** 1.936 0.034**
Closest to train station 1.563 0.000*** 1.583 0.000***
Jobs accessible 0.000 0.003*** 0.000 0.036**
Hospitals accessible -0.278 0.004*** -0.140 0.472
Frequency 2.712 0.000*** 2.821 0.000***
Operators -0.279 0.064* -0.133 0.457
Lag x Average car ownership -0.738 0.366
Lag x Elderly (65+) -0.024 0.181
Lag x LU residential -0.026 0.000***
Lag x LU recreational 0.003 0.825
Lag x Distance to station 0.031 0.232
Lag x Hospitals within buffer 1.312 0.204
Lag x Higher education within buffer 1.014 0.360
Lag x Closest to train station -0.028 0.972
Lag x Jobs accessible 0.000 0.000***
Lag x Hospitals accessible -0.090 0.677
Lag x Frequency -0.405 0.005***
Lag x Operators -0.400 0.099**
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01

4.6 Conclusion

Three models (OLS, SLX and SEM) have been estimated to explain bus ridership. Including
spatial relationships turned out to improve the explanatory power with 1% (SEM) and 2% (SLX)
compared to the OLS model. But more importantly, some of the independent variables, such as
car ownership and secondary education within buffer, were found to be significantly related to
ridership in the OLS model turned out to be not significant in the SEM model. Because the SEM
model takes the residuals of neighbouring stops into account, it was able to conclude that the
higher number of rides was a spatial pattern and it was not caused by the presence of a secondary
school. The same principle goes for car ownership, car ownership is mostly found to be high in the
villages and low in cities, in contradiction to the number of rides. The SEM concluded that the
lower amount of rides was a spatial pattern and that it was not caused by the high car ownership.

The Moran I test for the SLX was significant, which means that the SLX model does not
include all the independent variables that cause the spatial auto-correlation and it means that
the chance of spatial auto-correlation in the error term is still high. To minimize the risk of false
significance levels when explaining bus ridership, the SEM model should be interpret.

Much of the explanation power of the models can be attributed to frequency and therefore
many of the 34 variables are redundant. Removing 22 variables resulted only in a reduction of
explanatory power of 1.2% for the OLS model. The removed variables turned out to be slightly
more important for the SLX model as the explanatory power was reduced with 1.5%. The remain-
ing variables includes demographical, built environment and level of service variables and these
variables will be used for the prediction model.
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5 Predicting bus ridership

In chapter 3 three kinds of regression model were discussed. The OLS and SLX model turned out
to be suitable for extrapolation. In this chapter the prediction accuracy of the two models, based
on the twelve most influencing variables, is examined.

5.1 Prediction results

The spatial error distributions of the two models are examined, this way it possible to see if the
prediction accuracy of the models within Arnhem-Nijmegen differs. The absolute values of the
residuals are presented in figure 11 for the OLS and figure 12 for SLX. The colors are categorised
in six groups in sizes of 2100 rides. This means, that for example the fourth group contains the the
bus stops with residuals between 0 and 2100, in other words it includes the bus stops for which the
model overestimates the actual number of rides, with a maximum of 2100. The limits have been
set to multipliers of 2100, because there are 21 working days in November 2019, thus a residual of
2100 means that the model overestimates the actual number with 100 rides a day.

There is a clear distinction in the two figures, there are more bright colors in the figure 11,
which means the OLS model has more large overestimates and large underestimates than the SLX
model. Most of the brighter colors in figure 11 appear to be in the more rural areas in the cities
Arnhem and Nijmegen contain more light colors.

Figure 11: Residuals OLS
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Figure 12: Residuals SLX

But, the absolute values do not tell the full story, as discussed in section 3.6. Therefore, the
relative errors are displayed in figures 13 and 14 and they show a serious problem. For only a
few stops, the models are able to predict between a -33% and 33% range of the actual value.
Unfortunately, these stops are spread over the concession area, so it is not possible to determine
an area for which the models perform well. For more than half of the bus stops, the predicted
value of the SLX and OLS models was 50% more or 50% less than the actual value.

Figure 13: Relative residuals OLS
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Figure 14: Relative residuals SLX

The difference between the predicted value and the actual can be best seen in figure 15. The
axes are on a logarithmic scale, otherwise the majority of the stops would not be distinguishable
because of the number of rides of Arnhem centraal. In the figure, it can be seen that the predictions
for bus stops with 100 rides in November, range between 10 and 1000. For the stops with actual
rides around the 10,000, it ranges from approximately, 1,000 to 12,000.

Figure 15: Scatter plot actual and predicted values
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5.2 Prediction metrics

What was already slightly visible in the residual plots, is confirmed by looking at the prediction
metrics, the SLX is the better performing model. For all the three metrics the SLX performs
better, because it has more explanatory power and the Mean absolute error is smaller and the
SLX have fewer extreme errors. In figure 16, the metrics are displayed again, but then categorised
by the number of observed rides, to get a better idea of the sizes of the errors in comparison with
the observed values. What can be seen is that the errors have substantive sizes. The OLS model
seems to perform better for the group 100 to 1,000 rides and 1,000 and 10,000 rides.

Table 15: Prediction metrics, 16 independent variables

R-squared MAE RMSE
OLS 70.2% 1594 8596
SLX 71.9% 1559 7527

Table 16: Prediction metrics categorised by observed rides

OLS 0 to 100 100 to 1,000 1,000 to 10,000 10,000 to 400,000
MAE 116 365 1,481 29,982
RMSE 255 817 2,212 48,883

SLX 0 to 100 100 to 1,000 1,000 to 10,000 10,000 to 400,000
MAE 107 381 1,557 27,749
RMSE 243 971 2,299 42,528

5.3 Conclusion

Unfortunately, this model is unable to make accurate predictions. The SLX model seem to perform
better at extreme low values and extreme high values for rides, the OLS model seems to perform
better for the rides from 100 to 10,000. But in both models the difference between the predicted
value and the observed value is often more than 100% of the observed value.

In section 2.3.5, we saw in two studies that it is possible to make accurate predictions for
ridership at stop level. What those two studies had in common was that the analysed stops could
be considered as homogeneous. The studies contained only rapid transit stops which were located
in urban areas.

In this study bus stops in urban and rural areas are examined and this resulted in high variances
in values for the dependent and the independent variables. For instance, the standard deviation
for rides in this study has a similar size as the standard deviation in the study of Guo and Huang
(2020), namely respectively 14,199, see table 6, and 12,917. But the means for rides vary notably,
2,733 and 17,051.

The SLX model is able to deal with spatial auto-correlation in the independent variables,
values for the independent variables are similar when they are close to each other. But the model
is not capable to deal with non-stationary relationships between the ridership and the independent
variables. It can be imagined that the problem of non-stationary is more severe when the study
area contains bus stops in rural and urban area than when only stops in the same city are examined,
as Guo and Huang (2020) and Cervero et al. (2010) did.

If non-stationary exists for bus ridership in the Netherlands, DRMs based on a study area
cannot be generalised to other parts of the Netherlands. In the next chapter, it is examined
if the relationships between the independent variables and ridership are the same for the area
Arnhem-Nijmegen and for the area Groningen-Drenthe.
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6 Analysing the possibility of generalizing the prediction
model

The objective of the study is to develop a prediction model that is suitable for predictions of bus
ridership at stop level for the Netherlands, with coefficients based on concession area Arnhem-
Nijmegen. We have seen that the prediction accuracy of the model for its own study area is not
satisfactory. To answer the fourth sub question and thus to see if it is possible at all to generalise
the results of a DRM based on Arnhem-Nijmegen to other regions in the Netherlands, an OLS
model will be estimated for the region Groningen-Drenthe. The results of the OLS model for
Arnhem-Nijmegen and Groningen-Drenthe will be compared, to see if the areas are similar in
terms of bus travel behaviour.

6.1 Study area Groningen-Drenthe

Smart card data is not easy to obtain in the Netherlands. OV Bureau Groningen-Drenthe provided
smart card data for the region Groningen-Drenthe for the same month and year as the smart card
data of Arnhem-Nijmegen. This makes it possible to compare bus travel behaviour between
Arnhem-Nijmegen and Groningen-Drenthe and thus it makes the conclusion possible whether or
not the prediction model based on Arnhem-Nijmegen can be applied to Groningen-Drenthe. The
comparison is made by estimating an OLS model for Groningen-Drenthe, as the OLS model is the
easiest method when the objective is explaining, with exactly the same independent variables and
dependent variable. But first, we will have a look what kind of area Groningen-Drenthe is.

Where, the concession area Arnhem-Nijmegen contains only a part of the province of Gelder-
land, the concession area Groningen-Drenthe, as the name already suggests, completely contains
the provinces Groningen and Drenthe. The size of the area is considerably larger than Arnhem-
Nijmegen, 5,640 km2 against 1,100 km2. Groningen-Drenthe is a more rural area and has a more
than a million residents (Alle cijfers, 2021). The population density is less than 200 residents per
km2, less than a third of the density in Arnhem-Nijmegen. The biggest cities in Groningen-Drenthe
are Groningen, Emmen and Assen, with respectively 200,000 (Allecijfers.nl, n.d.-c), 100,000 and
70,000 (Allecijfers.nl, n.d.-a) inhabitants.

Something similar for the two areas is the number of universities, both areas have one university.
Furthermore, in Groningen-Drenthe the same public transport modes are available, the train and
the bus. The area has 26 train stations and 1,671 bus stops. The differences between the two
concession area makes Groningen-Drenthe a suitable area to validate if a DRM can be used to
predict ridership in other parts of the Netherlands. What makes Groningen-Drenthe even more
useful is the fact that Groningen-Drenthe is similar to a lot of different areas in the Netherlands.
The provinces, Friesland, Flevoland, Overijsel and Zeeland have all similar population densities
(metatopos, 2021).

Moreover, it is more useful to examine Arnhem-Nijmegen with a more rural area than with
a more urban area. Because the Randstad (Amsterdam, Rotterdam, Den Haag and Utrecht) is
the only area which is clearly more urban than Arnhem-Nijmegen. For the Randstad it can be
assumed that the bus travel behaviour will be different. In Amsterdam and Rotterdam there are
trams and metros. Den Haag has a tram and light rail and Utrecht has a tram. The availability
of different public transit modes will probably lead to overestimating of the number of travellers
for the bus.

The values for the descriptive statistics of rides and independent variables are displayed for
Groningen-Drenthe. It is noticeable that the average number of rides per stop is a lot lower in
Groningen-Drenthe than in Arnhem-Nijmegen, 1,295 to 2,732. Furthermore, the average amount
of jobs than can be reached from a stop is about two thirds of the amount in Arnhem-Nijmegen.

46



Table 17: Descriptive statistics Groningen-Drenthe

Unit Minimum Maximum Mean Std. Deviation
Rides #/month 1.00 525320.00 1295.17 13507.67

Average car ownership #/household 0.13 0.72 0.48 0.10
Elderly (65+) % 1.80 66.15 21.38 8.14
LU residential % 0.00 97.74 33.46 26.24
LU recreational % 0.00 70.38 2.40 6.88
Distance to station km 0.00 62.53 5.23 8.08
Hospitals within buffer # 0.00 1.00 0.01 0.114
Higher education within buffer # 0.00 1.00 0.01 0.09
Closest to train station Dummy 0.00 1.00 0.02 0.12
Jobs accessible # 0.00 118965.00 21230.20 22953.98
Hospitals accessible # 0.00 3.00 0.59 0.666
Frequency #/hour 0.04 105.82 3.11 4.61
Operators # 1.00 4.00 1.05 0.25

6.2 OLS Groningen-Drenthe

The OLS model for Groningen-Drenthe is estimated with exactly the same variables as used as the
reduced model for Arnhem-Nijmegen. After the model was estimated, the R-squared turned out
to be a tentative indication that generalising the prediction model is going to be hard. The twelve
independent variables can only explain only 57.5% of the ridership in Groningen-Drenthe, where
the same variables could explain 70.2% in Arnhem-Nijmegen. And when the significance levels in
table 18 are examined, it can be seen that only eight out of the twelve independent variables have
a significance level lower than 0.1. The percentage of elderly, distance to station, hospitals within
buffer and the accessibility of hospitals are not significant in Groningen-Drenthe.

To compare the relationships between the independent variables and the dependent variable,
the standardized coefficients are examined. The signs of the standardized coefficients of the signifi-
cant variables are the same for both areas. Frequency is affecting ridership the most for both areas,
although there is a relatively large difference between the two coefficients. Residential land-use,
for both the second most influential variable, turns out to be considerably more important in the
provinces up north and the number of operators at a stop is more influential in Groningen-Drenthe
than in Arnhem-Nijmegen. On the other side, higher education within buffer, the accessibility of
jobs, train stations and frequency affect ridership more in Arnhem-Nijmegen.

Most of the difference between the standardized coefficients are likely to be caused by the
vastness of Groningen-Drenthe. The car will be a more attractive transport mode in large areas
of Groningen-Drenthe, because the travel times by car are a lot shorter than by bus. In the cities
(with high residential land-use) the bus will be a more attractive option than in the rural areas
(with low residential land-use). Because Arnhem-Nijmegen is more densely built, the bus will be
more competitive with the car in rural areas than in Groningen-Drenthe, which explains the larger
standardized coefficients for residential land-use for Groningen-Drenthe.

The same reasoning can be applied to hospitals within buffer. The accessibility of hospitals by
bus is already lower in Groningen-Drenthe than in Arnhem-Nijmegen, see table 17 and because
of the longer travel times, the bus is a less attractive option than the car when travelling to the
hospital.
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Table 18: Standardized coefficients OLS Arnhem-Nijmegen and Groningen-Drenthe

Arnhem-Nijmegen Groningen Drenthe
Std. Coefficient Sig. Std. Coefficient Sig.

Average car ownership -0.099 0.000*** -0.038 0.096*
Elderly (65+) -0.074 0.000**** -0.002 0.914
LU residential 0.143 0.000*** 0.318 0.000***
LU recreational 0.038 0.040** 0.028 0.087*
Distance to station 0.085 0.000*** -0.020 0.300
Hospitals within buffer 0.066 0.000*** 0.019 0.244
Higher education within buffer 0.080 0.000*** 0.042 0.011**
Closest to train station 0.066 0.000*** 0.043 0.009***
Jobs accessible 0.071 0.003*** 0.049 0.067*
Hospitals accessible -0.062 0.004*** -0.005 0.794
Frequency 0.663 0.000*** 0.557 0.000***
Operators -0.036 0.064* -0.079 0.000***
Significance levels: * 0.05 - 0.1, ** 0.01 - 0.05, *** <0.01

6.3 Conclusion

When the Netherlands is divided into three groups rural, urban and high urban. The rural and
urban groups were assumed to have the most similar bus travel behaviour, because the bus and the
train are the only forms of public transport. To see if a DRM based on an area in the Netherlands,
could be used for predictions for a different area, the OLS results for Arnhem-Nijmegen and
Groningen-Drenthe are compared. The twelve independent variables that could explain 70.2%
of the bus ridership in Arnhem-Nijmegen, turned out to explain 57.5% in Groningen-Drenthe.
Studying the standardized coefficients showed that the relationships between ridership and the
independent variables differ significantly between the two areas. This is likely to be caused by the
the car being the preferred transport mode in Groningen-Drenthe, since the difference in travel
time between car and bus are large. In Arnhem-Nijmegen where in general the travel times are
shorter, the bus is a more competitive transport mode for the car than in Groningen-Drenthe.
Because of the differences in the relationships it is not advisable to generalize the model based on
Arnhem-Nijmegen to different regions.
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7 Applications of DRMs

A DRM is useful for public transport companies as it allows bus operators to efficiently allocate
their resources. However in the studies mentioned in chapter 2 no detailed information is given
on the applications of DRMs for policy makers, besides the interpretation of the results of the
explaining purpose of DRMs. Because it is assumed DRMs have more applications for policy
makers, in the next section three Dutch policy makers are interviewed for their view on applications
of DRMs. Furthermore, in the introduction it was mentioned that the municipalities Arnhem and
Nijmegen have put improvement of public transport high on the agenda. Therefore, after discussing
the interviews, insights that can be drawn from the results in chapter 4 will be described and one
application, which was identified over the course of the interviews, will be elaborated on for
Arnhem-Nijmegen.

7.1 Interviews

The three policy makers are Mirjam Salomé, Erwin de Jager and Jorn van der Scheer. Salomé
works at OV Oost, which is a public transport collaboration between the provinces Gelderland,
Overijssel and Flevoland. In her role as coordinator of social safety role tries to ensure a feeling
of safety for the public transport travellers. She is also involved in the process of planning new
locations for bus stops located on provincial roads. Meanwhile Van der Scheer is a planner and
transport developer for OV Bureau Groningen-Drenthe, a similar agency as OV Oost, and is
involved in the design of bus routes. Finally, De Jager is a traffic engineer at the Groningen
municipality and is involved in the execution phase of placing a new bus stop. As you can see the
policy makers fulfil different roles in public transit sector. This should provide us with a number
of different view points on the potential practical applications of DMs for policy makers.

One of the first questions during the interview with Salomé was: ”What are the decisive criteria
to determine new bus stop locations?”. Salomé answered that the decision for a new bus stop
is not a black-or-white issue, and that important factors are existing changing bus routes, road
safety, the number of expected travellers and physical characteristics of the surroundings (such as
protected nature areas or watercourses). When asked: “How is the number of expected travellers
estimated?”, Salomé answered that the surroundings, number of nearby houses and neighbouring
facilities are all taken into account. To demonstrate the complexity of estimating the number of
travellers, Salomé gave an example of an existing bus stop at a provincial road which was designed
for six travellers a day. At one point a new neighbourhood was developed close to the stop and
when the neighbourhood was finished, it led to much more travellers for the bus stop than it was
designed for and this resulted in a dangerous traffic situation.

What Salomé described could have been prevented if a DRM was used. When during the
construction phase of the neighbourhood, the new expected values for the independent variables
of the bus stop were filled in the DRM, the DRM would show an increase in the number of rides
in comparison with the actual number of rides. When this is done well before the neighbourhood
was finished, there is enough time to adjust the bus stop. This shows that, besides DRMs allowing
operators to adjust their services according to changes in neighbourhoods seen in section 1.1.3,
they can also provide useful input for policy makers.

To find out if the ability to cope with changes has other applications, De Jager and Van
der Scheer were asked the following question: DRMs are useful for coping with changes in the
surroundings, but for what practical purposes is this a useful ability? De Jager and Van der Scheer
came up with a different time related application of DRMs. They point out that bus stops and
bus routes that exist for a long period of time are designed based on a couple assumptions, and
a DRM could be useful to test whether these assumptions are still correct. For example they
mentioned a recent trend in the Netherlands that is to no longer place bus stops in the center of
neighbourhoods or villages but instead on the outskirts. This has resulted in shorter travel times
as the bus does not have to go through a busy neighbourhood, and because of these shorter travel
times the service frequency can be increased. When using a DRM it would be possible to examine
if the number of travellers would increase when the bus stop is relocated to the outskirts.
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In addition, DRMs according to Van der Scheer and de Jager can be used to identify the stops
which have potential to increase the number of rides. If the predicted value of the DRM and the
observed value differ significant, and assuming the DRM performs well, finding out why that stop
does not live up to its potential, could lead to valuable insights on how the number of rides van
be increased.

A DRM that includes accessibility variables could help policymakers with route planning. In
Arnhem-Nijmegen, almost every bus route starts or ends at a (central) train station. In Groningen-
Drenthe on the other hand they are experimenting with tangent lines, which connect the bus routes
that are heading to the station. A bus system with tangent lines give travellers more opportunities
to transfer or could eliminate the need for transfers altogether. When designing a tangent line,
importing the new accessibility variables into the the DRM could give an insights in how many
more travellers could be expected.

The general view of De Jager and Van der Scheer is on the DRM is that the DRM is useful
to test hypotheses. They could for instance test if adding a new stop to a route leads to more
travellers in total for a route. If the previous stop and the next stop of the route have notably
less travellers than predicted then an extra stop may not be necessary. DRMs can also be used to
quantify what for kind effect a bus stop has in a neighbourhood and this information can be used
in the development phase of new neighbourhoods, by for example providing quick insights if the
neighbourhood should have two or three bus stops. In addition, the explaining part of DRMs is
considered always useful to get insights in travel behaviour.

Van der Scheer and De Jager emphasized that a DRM is useful for the reasons described
above, but public transport decisions will not be based purely on the results of the DRMs. Just
like Salomé, van der Scheer and de Jager point out that these kind of decisions are not always
straightforward. Salomé mentioned the availability of space for a potential new bus stop location,
while Van der Scheer and de Jager point out to the human aspect. Some households would be very
happy if there is a plan to relocate a bus stop to the outskirts of a neighbourhood if that means
that their children can play safely on the street.While others only see their access and egress time
to the bus increasing and may thus try to block implementation/

7.2 Insights results explaining bus ridership Arnhem-Nijmegen

Only the relationships between the independent variables and bus ridership have been discussed
in chapter 4. However the results in chapter 4 offer valuable insights for policy makers and those
insights are discussed in this section. To interpret the results, the choice is made to follow the
SEM model because of the proven spatial auto-correlation in the error terms in the OLS and SLX
models. To start, the number of significant built environment and level of service variables, shows
that policy makers can influence bus ridership. Also the positive relationship between parks and
sport facilities has not been found in studies before. Policy makers could exploit this relationship
by making it even more attractive to travel to recreational land use by bus, for instance by directing
more bus routes to recreational areas. The same goes for amusement areas.

The positive relationship between hospitals within a catchment area and ridership was found
in one study, but the relationship was not proven for Arnhem-Nijmegen before. It looks like here
too the usage of buses can be increased when more bus routes are directed to hospitals.

Non-significant results are valuable as well. In chapter 2, two studies were discussed that
concluded that having a P+R in the catchment area has a positive influence on the number
of rides. But this relationship was found to be non-significant for P+R’s in Arnhem-Nijmegen.
P+R’s can play an important role when it comes to reducing the number of cars in city centres,
therefore the P+R’s in Arnhem-Nijmegen should be made more attractive or should be promoted
more.
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7.3 Bus stops not fulfilling their potential

One of the applications of DRMs identified during the interviews is the ability to provide insights
in which bus stop are not fulfilling their potential. To find the potential room for improvement in
the number of rides of a bus stop, the observed value is subtracted from the value predicted by
the SLX model. The SLX model is chosen over the OLS model because the SLX model performed
better on the prediction metrics. In this section, five bus stops with high positive relative residuals
in Arnhem-Nijmegen will be examined and some improvement suggestions will be provided.

7.3.1 Europalaan, Renkum

The bus stop Europalaan in Renkum has the highest relative residual in the subset of bus stops.
3,475 travellers have made use of the bus stop in November 2019 while the SLX model predicted
this value would be 11,050. In figure 16, the catchment area of bus stop Europalaan is shown, as
well as the location of other bus stops in the region. The residential land use in the surroundings
of Europalaan is very high (90%), which explains the high number of predicted rides.

The catchment area has a 400 meter radius, but this distance is as the crow flies. Because
of the design of the neighbourhood and the location of the stop, the walking distance between
locations in the catchment area to the stop is often more than 400 meter. To make the bus stop
better accessible for residents and thus to make the bus stop more attractive, the bus stop could
be relocated. On the south end of Europalaan there are many competing stops, so the advice
is to examine if it is possible to relocate the Europalaan stop to the north, preferably close to
an intersection. This way the walking distance to the stop for many residents is reduced. The
increase in travel time for the bus will be minimal, as the current location of the stop and the new
location will be both in the middle of a residential neighbourhood.

Figure 16: Busstop Europalaan, Renkum

7.3.2 Beemdstraat, Nijmegen

The stop Beemdstraat is located in a residential neighbourhood in Nijmegen. The number of
observed rides is 2654 while the number of predicted rides is 4916. In comparison with the other
bus stops in the catchment area (6,741, 5,446 and 3,246 rides), the number of observed rides
rides for Beemdstraat is low. This is likely caused by the low number of directions (two) of the
Beemdstraat. The directions of two of the other stops are five and seven and as we have seen in
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the results of the SLX-model (section 4.4.2), more directions can attract travellers from stops with
lower directions.

It seems that the stop Beemdstraat may be be redundant. When the stop is removed other
bus stops are still reachable within 400 meters walking distance for all residents. As a bonus the
travel time of the bus will be reduced making it more attractive to take the bus. The increase in
walking distance for some of the residents will is mostly a problem for the elderly living in their
neighbourhood. But fortunately this will not be severe problem as the percentage of elderly (10%)
is relatively low.

Figure 17: Bus stop Beemdstraat, Nijmegen

7.3.3 Kerkstraat, Weurt

Weurt is a small town that lies to the west of Nijmegen that has one bus stop, named Kerkstraat.
Kerkstraat has 2,810 rides per month, while 6,086 is the predicted number of rides. For this bus
stop it is hard to determine a way to increase the number of rides. The stop lies almost in the
centre of Weurt and an inspection using Google Maps Street View shows that traffic lights make
that the bus stop is easily accessible. The city centre of Nijmegen can be reached by bus within
eight minutes, which is only two minutes slower than by car. The average car ownership in the
catchment area is with 1.14 rather high. In this case the advice would therefore be to actively
promote bus use in the surrounding neighbourhood, highlighting the only minimal difference in
travel time and maybe the positive environmental impact as well. Time will tell if this convinces
the inhabitants of Weurt to take the bus instead of the car.
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Figure 18: Bus stop Kerkstraat, Weurt

7.3.4 Fransestraat, Nijmegen

For the bus stop Fransestraat in Nijmegen the model predicted a number of rides of 4,916 while
the actual value is 2,654, resulting in a relative residual of 85%. In comparison with the means for
the independent variables seen in table 6 the residential land use (72%) is high and the percentage
of elderly (8%) is very low, which are both causes of the high predicted value. Interesting to see is
that bus stops on the same street, with the same bus lines are performing better in terms of the
relative residual. The two closest bus stops have relative residuals around 30%. Differences in the
surrounding of the stops and Fransestraat are the high percentage of youth and the very low car
ownership in the surroundings of Fransestraat.

The high percentage of youth and low car ownership are clear indicators of many students
living close to the Fransestraat stop, but the bus routes are not passing higher education facilities.
It is likely that redirecting a bus route to pass the Fransestraat and a higher education facility
will increase the number of rides, but this will probably be at the expense of bike rides in stead
of car rides. Since this is not the goal of the municipality the advice for this stop is to leave the
situation as is.

7.3.5 Hatertseweg, Nijmegen

For the stop Hatertseweg in Nijmegen more than 6,000 rides were predicted while only 3,393 were
observed. From this stop it takes 24 minutes by bus to reach the city centre of Nijmegen, which is
15 minutes longer than travelling by car. The large difference between is caused by the 10 minute
walking time from Nijmegen central station to the city centre, as the train station is the final stop
for the bus lines passing Hatertseweg. If the bus routes are extended and they are designed to
drive through and stop in the city centre as well, taking the bus to the center could become a
more attractive alternative.
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7.4 Conclusion

Interviews with Salomé, Van der Scheer and de Jager showed that a model can predict bus ridership
will not be the only decisive factor in decisions on the location of bus stops, because there are
many issues that should be considered such as the local opinion on a bus stop and the availability
of space. But a DRM is considered as a useful tool to estimate the effects of changes in the
surroundings of a bus stop. For instance, adjustments to an existing bus stop can be made in time
when nearby a neighbourhood is developed. Another application is to identify stops which are
performing lower than expected. The general view on DRMs is that they can help substantiating
decisions about planning new stops and relocating existing stops and they can provide useful
information for designing new bus routes.

The explaining part of the DRM showed that policy makers could influence bus ridership as bus
ridership is significantly related to built environment and level of service variables. To encourage
bus ridership in Arnhem-Nijmegen, it could be examined if transportation by bus to hospitals,
parks, amusement parks and sport facilities could be facilitated more. Furthermore, it could be
examined why P+R’s do not have a significant relationship with ridership.

The prediction part of a DRM was used to identify five bus stops in Arnhem Nijmegen, that
were performing lower than expected. Although it could in fact be the case that the predictions
are inaccurate and that the bus stops are not under performing, suggestions how to cope with
under performing stops are provided, which could be applied to other bus stops as well.
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8 Conclusion

The objective of this study was to develop a model, based on the concession area Arnhem-
Nijmegen, that could give a first insight in the number of travellers at a bus stop in the Netherlands.
This objective was translated into the following research question: ”What is the influence of vari-
ables on bus ridership at stop level and what is the predictive accuracy and the usability of the
model for policymakers?“

To answer this question, the first step was conducting a literature review of variables which
are known to affect bus ridership and of the methods used to explain and predict bus ridership.
Demographics, built environment and level of service variables turned out to be the most used
variables and a Direct Ridership Model was considered to be the best method to explain and predict
bus ridership. Advantages of the DRM are the ability to evaluate new explanatory variables, high
transparency, high explanation power and the fact that it allows to experiment with changes in
the explanatory variables.

Three DRMs were estimated based on three different regression models, namely Ordinary Least
Squares, a Spatial Lag X and Spatial Error model. The latter two can take spatial auto-correlation
into account and proved to be a valuable addition compared to the OLS model. The SLX turned
out to be the most useful for predicting bus ridership as it is possible to make predictions out of
the study area. The SEM model was considered to be the best model for explaining bus ridership,
because the spatial auto-correlation in the residuals of the OLS and SLX models could lead to
false significant values. The SEM showed, in contrast to the OLS model, that the relationship
between bus ridership and car ownership is not significant. Other new insights on explaining bus
ridership in the Netherlands are that average household size, the percentage of 15-24 year olds,
the distance to station, recreational land-use (parks and sport facilities) and amusement land-use
(amusement parks) were found to positively affect bus ridership. No significant relationships were
found for political preference, the presence of secondary schools, the presence of bicycle stand at
a bus stop and the accessibility of jobs, hospitals and higher education from the bus stop.

To examine the prediction accuracy the estimates of the OLS and SLX model were compared
with the observed values in Arnhem-Nijmegen. The accuracy of the SLX model turned out to be
better than the accuracy of the OLS model, but in general the prediction accuracy of both models
turned out to be poor. The low prediction accuracy is likely caused by varying relationships
between ridership and the independent variables in urban and rural areas. The term for spatial
varying relationships is non-stationary.

That non-stationary relationships exists for bus ridership was proved, while the study looked
into if a ridership prediction model based on Arnhem-Nijmegen could be generalised to different
regions in the Netherlands. Two OLS models were estimated, one was based on Arnhem-Nijmegen
and the other on the concession area Groningen-Drenthe. It turned out there were significant
differences in the sizes of the standardized coefficients between the regions. Therefore it is not
advisable to generalize the prediction model based on Arnhem-Nijmegen.

Furthermore demonstrating the added value of spatial relationships for explaining and predict-
ing bus ridership and demonstrating DRMs cannot be generalised to different regions because of
non-stationary relationships, this study identified applications of DRMs for policy makers. For
example, when a construction on a new residential neighbourhood is finished, it could lead to
more travellers using a bus stop than the stop was designed for and this could result in dangerous
traffic situations. With a DRM it is possible to predict the number of travellers before the neigh-
bourhood is finished and this allows the bus stop to be adjusted accordingly. Another application
is identifying bus stops for which the actual number of travellers is far lower than the predicted
number. The general application of a DRM is providing substantiation for plans for new routes,
new stop locations and relocating bus stops.

For the region Arnhem-Nijmegen five bus stops have been identified which are under perform-
ing, according to the model. To increase the number of rides for these bus stops suggestions, such
as relocating the bus stop or redirecting the bus route, are provided.
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This study is based on several assumptions and most of them are related to data. To calculate
the values of demographics of a catchment areas it is assumed that for instance the number of
residents in a zip code area is evenly distributed. If 25% of a zip code area of 1,000 residents lies
in a catchment area of a bus, it is assumed 250 resident live in the overlap of the zip code area
and the catchment area. Furthermore, because the objective was to develop a model that can be
applied nation-wide it is assumed that the closest bus stop to a train station is the main bus stop
of that station. This way, linking train station to the closest bus stop could be automated. Other
data related assumptions are: the assumption that travellers are willing to take bus rides with
with a maximum duration of 45 minutes or that the influence of overlapping catchment areas can
be ignored when the stops are more than 400 meters apart from each other.

One assumption related to methodology is that the ridership of every bus stop is influenced by
the three closest stops. When a bus stop is the only stop in a village, the influence of neighbouring
stops can be questioned. Furthermore, is is assumed that the twelve most explaining variables are
the same for the OLS and SLX models.

For the explanatory results, it is assumed the spatial auto-correlation in the residuals in the
SEM model is zero. But the presence of spatial auto-correlation is not ruled out. A further concern
related to the results is the endogeneity problem, which is likely to have caused an overestimation
of the independent variables frequency and number of directions.

This study can serve as a basis for further research. There are various ways how the results
of this study can be improved. For further research it is recommended to have a smaller more
homogeneous study area, for example only bus stops in cities. It would be interesting to see if a
DRM based on a city can be generalised to different cities. When the only objective is explaining
the complete area Arnhem-Nijmegen can be analysed with a geographically weighted regression
model, as this model is able to deal with non-stationary relationships.

Other improvements could be distance decayed catchment areas based on walking distance
and a spatial weight matrix based on distance. Furthermore, extra explanatory variables can be
included such as number of residents instead of residential land-use or variables that encourage
car use instead of bus use such as the difference in travel time to the city center between car and
bus or the distance to the closest highway ramp.
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9 Appendix

9.1 Omitted bias example

Let’s say there are two bus stops, one bus stop has 100 daily boarders, a frequency of two busses
per hour and the address density around the stop is 1,000. A second bus stop is on the campus
of a university and has 500 daily boarders, a frequency of three busses per hour and an address
density of 1,000. If a model is estimated to explain bus ridership is based on only the variables
frequency and address density, the model would think the frequency is of a major importance for
the number of boarders, while the actual increase was caused by the presence of the university. If
the presence of the university was included in the model, the model would estimate the importance
of frequency more accurate.

9.2 Verbindingswijzer

The Verbindingswijzer (VBW) is an unique tool owned by Movares and is useful to retrieve in-
sights in accessibility and in travel times. All kinds of transport modes can be analysed and many
parameters can be adjusted, such as the maximum amount of transfers, the access or egress time
and the total travel time. Furthermore, the tool allows to plan in new roads or public transporta-
tion routes, after which the effect of the new road or the new route on the accessibility can be
analysed easily. For this study, the tool is used to retrieve values for the accessibility variables for
residents, jobs, hospitals, higher education, secondary education and P+R. Furthermore, the tool
is used to calculate the travel times for cycling and taking the bus between bus stop locations to
the nearest train station.

9.3 Calculating demographics per bus stop

Every bus stop has a catchment area with a radius of 400 meters. How the demographics variables
are calculated for these areas will be explained by using an example of how the percentage of youth
is calculated. In figure 19 there are multiple catchment areas visible, but the example will be about
the bus stop in the middle, bus stop Grotestraat in Drees. The catchment area contains 4 zip
codes, there are two zip code areas that are not adjacent but are the same zip code. The zip codes
have 10, 25, 70 and a unknown number of youth and 80, 210, 765 and 75 residents. The catchment
area exists of 72% of the first zip code, 5% of the second, 21% of the third and 2 percent of the last.
The number of youths and residents per zip code is multiplied by the corresponding percentages
and summed, resulting in 230 residents and 23 youth in the catchment area, thus the percentage
youth is 10%. The maximum value for the unknown number of youth is 4, which would lead to
the percentage of youth being 11.7%, a negligible difference.
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Figure 19: Bus stop Grotestraat in Drees (Screenshot in ArcGIS)

9.4 Box-cox transformation

The Box-Cox transformation uses two lambdas (lambda and lambda2), which differ for each data
set, to transform the data as close as possible to a normal distribution (Box & Cox, 1964) This
means, that for example the value 10 can be transformed to 0.7 in data set A and to 1.3 in data
set B. The equation is displayed below (Box & Cox, 1964)

ybc = (((y + λ2)λ) − 1)/λ) (6)

To reverse the transformation, following equation can be applied.

y = λ2 + (((ybc ∗ λ) + 1)(1/λ) (7)
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9.5 Other bus stops within catchment area

Figure 20: Other bus stops within catchment area
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Table 19: Skewness

N Skewness
Statistic Statistic Std. Error

Rides 965 17.753 0.079
Residents 965 0.889 0.079
Average household size 965 1.357 0.079
Average car ownership 965 -0.634 0.079
Female 965 -2.479 0.079
Youth (15-24) 965 3.153 0.079
Elderly (65+) 965 0.422 0.079
Households with low income 965 0.522 0.079
Western background 965 -1.086 0.079
Non Western background 965 1.875 0.079
Green votes 965 0.256 0.079
LU residential 965 -0.213 0.079
LU business 965 6.156 0.079
LU social and commercial 965 4.460 0.079
LU agricultural 965 6.544 0.079
LU recreational 965 2.863 0.079
LU amusement 965 10.816 0.079
Address density 965 2.662 0.079
Distance to station 965 1.709 0.079
Parking rate 965 9.531 0.079
Jobs within buffer 965 7.263 0.079
Train stations within buffer 965 3.958 0.079
Hospitals within buffer 965 8.133 0.079
Higher education within buffer 965 9.220 0.079
Secondary education within buffer 965 3.154 0.079
P+R within buffer 965 5.978 0.079
Other bus stops within buffer 965 1.298 0.079
Closest to train station 965 6.253 0.079
Closest to hospital 965 13.806 0.079
Closest to higher education 965 15.460 0.079
Closest to secondary education 965 5.273 0.079
Closest to P+R 965 10.225 0.079
Residents accessible 965 1.728 0.079
Jobs accessible 965 0.132 0.079
Hospitals accessible 965 0.454 0.079
Higher education accessible 965 0.532 0.079
Secondary education accessible 965 1.198 0.079
P+R accessible 965 0.765 0.079
Frequency 965 0.474 0.079
Directions 965 6.566 0.079
Shelter 965 -0.558 0.079
Bench 965 -0.687 0.079
Digital information display 965 1.108 0.079
Bicycle stand 965 1.012 0.079
Accessible for disabled 965 -0.888 0.079
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9.6 Operationalisation

Figure 21: Conceptualisation opreationalisation
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9.7 VIF

Table 20: VIF

Unstandardized Coefficients Standardized Coefficients
B Std. Error Beta t Sig. Tolerance VIF

(Constant) 2.69111 2.938261 0.915885 0.359967
Residents -9.3E-05 0.00022 -0.02995 -0.42162 0.673403 0.055104 18.14753
Average household size 0.16602 0.316784 0.017349 0.524078 0.60035 0.253821 3.93978
Average car ownership -3.30169 1.710346 -0.07543 -1.93042 0.053861 0.182186 5.488885
Female 0.018706 0.036717 0.011848 0.509448 0.610561 0.51425 1.94458
Youth (15-24) 0.045342 0.018273 0.071265 2.481446 0.013263 0.337236 2.96528
Elderly (65+) -0.02481 0.011931 -0.05554 -2.07978 0.037822 0.389981 2.564231
Households with low income 0.0049 0.009886 0.016346 0.495624 0.620278 0.255721 3.910513
Western background -0.00672 0.030966 -0.00437 -0.21691 0.828326 0.686155 1.457397
Non Western background 0.004646 0.00995 0.013292 0.466959 0.64064 0.343302 2.912891
Green votes 0.008591 0.007938 0.030408 1.082331 0.279389 0.352379 2.837857
LU residential 0.01788 0.004547 0.140427 3.932079 9.05E-05 0.218081 4.585453
LU business -0.00604 0.007393 -0.01497 -0.81639 0.41449 0.82767 1.208211
LU social and commercial 0.002516 0.01315 0.004395 0.191314 0.848322 0.526981 1.8976
LU agricultural -0.00305 0.005855 -0.00913 -0.52154 0.602117 0.907835 1.101522
LU recreational 0.008875 0.007808 0.021205 1.136705 0.255958 0.799275 1.251134
LU amusement 0.012743 0.019973 0.011407 0.638019 0.52362 0.870105 1.149287
Address density -2.2E-06 3.17E-05 -0.00408 -0.07102 0.943401 0.084429 11.84433
Distance to station 0.043303 0.01299 0.076188 3.333502 0.000892 0.532486 1.877982
Parking rate 21.29664 20.99877 0.017931 1.014185 0.310761 0.889795 1.123855
Jobs within buffer -7.1E-05 8.4E-05 -0.02135 -0.85008 0.3955 0.440801 2.268599
Train stations within buffer -0.02752 0.386665 -0.00176 -0.07117 0.943278 0.455688 2.194484
Hospitals within buffer 0.678771 0.646675 0.022967 1.049632 0.294163 0.580938 1.721354
Higher education within buffer 2.693259 0.784934 0.080906 3.43119 0.000628 0.500269 1.998926
Secondary education within buffer 0.010606 0.173212 0.001385 0.061229 0.95119 0.543758 1.839053
P+R within buffer -0.90506 0.514981 -0.04069 -1.75746 0.079172 0.518992 1.92681
Other bus stops within buffer -0.06858 0.061917 -0.02176 -1.10759 0.268327 0.720922 1.387112
Closest to train station 0.829981 0.556433 0.035825 1.49161 0.136144 0.482177 2.073926
Closest to hospital 1.463906 1.033693 0.029742 1.41619 0.157058 0.630647 1.585672
Closest to higher education -1.71771 1.193348 -0.03123 -1.4394 0.150376 0.590871 1.692415
Closest to secondary education 0.327519 0.271092 0.025906 1.208147 0.227301 0.604952 1.653025
Closest to P+R 1.159276 0.809969 0.031533 1.431259 0.152696 0.573025 1.745126
Residents accessible -4.2E-06 4.08E-06 -0.06783 -1.042 0.297684 0.065631 15.23669
Jobs accessible 1.73E-05 5.91E-06 0.117088 2.934522 0.003424 0.174714 5.723652
Hospitals accessible -0.13349 0.113611 -0.03041 -1.17494 0.240324 0.415098 2.409068
Higher education accessible 0.077378 0.104614 0.018235 0.739653 0.459699 0.457632 2.18516
Secondary education accessible 0.032909 0.027231 0.06545 1.208501 0.227165 0.09483 10.54514
P+R accessible -0.25421 0.100276 -0.09879 -2.53507 0.011407 0.18316 5.45972
Frequency 1.727339 0.095458 0.510794 18.09533 7.62E-63 0.349074 2.864725
Directions 0.025224 0.028967 0.020956 0.87078 0.384101 0.480274 2.082145
Shelter 0.256498 0.215511 0.034961 1.190189 0.234279 0.322365 3.102077
Bench 0.737392 0.220361 0.098694 3.346289 0.000852 0.319759 3.12736
Digital information display 1.249793 0.1633 0.154748 7.653355 4.94E-14 0.68034 1.469853
Bicycle stand 0.073099 0.157398 0.009232 0.464422 0.642456 0.70383 1.420798
Accessible for disabled 0.429135 0.165265 0.055511 2.596645 0.009564 0.608605 1.643101
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Table 21: First model

Unstandardized Coefficients
Standardized
Coefficients

Sig.

Collinearity Statistics
B Std. Error Beta t Tolerance VIF

(Constant) 2.568546 2.934405 0.875321 0.381627
Average household size 0.170576 0.316605 0.017825 0.538765 0.590179 0.253898 3.938593
Average car ownership -3.15109 1.691295 -0.07199 -1.86312 0.062763 0.186159 5.37175
Female 0.018135 0.03621 0.011487 0.500832 0.616609 0.528319 1.892796
Youth (15-24) 0.043904 0.017643 0.069005 2.488447 0.013006 0.361423 2.766844
Elderly (65+) -0.02335 0.011063 -0.05226 -2.11012 0.035117 0.453176 2.206646
Households with low income 0.005745 0.009833 0.019167 0.584294 0.559166 0.258261 3.872047
Western background -0.00816 0.030883 -0.0053 -0.26408 0.79178 0.689286 1.450777
Non Western background 0.003822 0.009877 0.010933 0.386941 0.698889 0.348123 2.872551
Green votes 0.009118 0.007913 0.032273 1.152225 0.249527 0.354253 2.822841
LU residential 0.016407 0.003445 0.128855 4.761761 2.23E-06 0.379533 2.634818
LU business -0.00666 0.007368 -0.01651 -0.90345 0.366524 0.832446 1.201279
LU social and commercial 0.001042 0.013078 0.00182 0.079653 0.936531 0.532429 1.878186
LU agricultural -0.00308 0.005852 -0.0092 -0.52559 0.599303 0.907883 1.101463
LU recreational 0.008804 0.007795 0.021036 1.129419 0.259015 0.80115 1.248205
LU amusement 0.014677 0.019876 0.013138 0.738409 0.460454 0.877891 1.139094
Address density -1.6E-05 1.86E-05 -0.02905 -0.86275 0.388498 0.245192 4.07843
Distance to station 0.043306 0.012662 0.076192 3.420259 0.000653 0.560026 1.785631
Parking rate 20.48021 20.97637 0.017244 0.976347 0.329149 0.890956 1.122389
Jobs within buffer -8.6E-05 8.24E-05 -0.02563 -1.03945 0.29887 0.457009 2.188141
Train stations within buffer -0.07969 0.383382 -0.00509 -0.20787 0.835377 0.46314 2.159173
Hospitals within buffer 0.662055 0.644708 0.022402 1.026907 0.304734 0.584004 1.712318
Higher education within buffer 2.686449 0.783561 0.080701 3.428514 0.000634 0.501607 1.993591
Secondary education within buffer 0.021987 0.172509 0.002871 0.127453 0.89861 0.547745 1.825668
P+R within buffer -0.9019 0.514673 -0.04054 -1.75237 0.080042 0.519182 1.926108
Other bus stops within buffer -0.0695 0.061708 -0.02205 -1.12631 0.260329 0.725217 1.378898
Closest to train station 0.853632 0.555787 0.036846 1.535899 0.124906 0.482898 2.070831
Closest to hospital 1.441 1.032912 0.029276 1.395085 0.163326 0.631076 1.584594
Closest to higher education -1.79507 1.190731 -0.03264 -1.50754 0.132015 0.59298 1.686399
Closest to secondary education 0.322925 0.27094 0.025542 1.19187 0.233619 0.605129 1.65254
Closest to P+R 1.193879 0.809026 0.032475 1.475699 0.140366 0.573885 1.74251
Jobs accessible 1.42E-05 5.04E-06 0.095666 2.809779 0.005062 0.239743 4.171129
Hospitals accessible -0.16203 0.108596 -0.03692 -1.49206 0.136025 0.453947 2.2029
Higher education accessible 0.07484 0.104459 0.017637 0.716458 0.47389 0.458614 2.180485
Secondary education accessible 0.01684 0.02233 0.033491 0.75412 0.450969 0.140906 7.096951
P+R accessible -0.25503 0.099921 -0.09911 -2.55233 0.010861 0.184312 5.425582
Frequency 1.716717 0.094895 0.507653 18.09064 7.78E-63 0.35293 2.833422
Directions 0.021983 0.028805 0.018263 0.763181 0.44555 0.485297 2.060595
Shelter 0.268184 0.215015 0.036553 1.247277 0.212613 0.323583 3.0904
Bench 0.731209 0.220197 0.097866 3.320704 0.000933 0.31997 3.125295
Digital information display 1.258348 0.162886 0.155808 7.725323 2.91E-14 0.683234 1.463627
Bicycle stand 0.069436 0.157248 0.00877 0.44157 0.658904 0.704589 1.419267
Accessible for disabled 0.436613 0.164106 0.056479 2.660549 0.007937 0.616719 1.621485
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9.8 Scatterplot difference travel time

Figure 22: Scatterplot difference travel time
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9.9 Full OLS model excluding frequency

Table 22: Full model, excluding frequency

Unstandardized Coefficients
Standardized
Coefficients

B Std. Error Beta t Sig.
(Constant) 2.558 3.936 0.650 0.516
Average household size -0.039 0.425 -0.004 -0.091 0.927
Average car ownership -3.154 2.270 -0.072 -1.389 0.165
Female 0.027 0.049 0.017 0.553 0.580
Youth (15-24) 0.063 0.024 0.100 2.667 0.008
Elderly (65+) -0.046 0.015 -0.103 -3.069 0.002
Households with low income 0.031 0.013 0.103 2.355 0.019
Western background 0.023 0.042 0.015 0.534 0.593
Non Western background 0.004 0.013 0.011 0.280 0.780
Green votes 0.018 0.010 0.064 1.723 0.085
LU residential 0.024 0.005 0.190 5.311 0.000
LU business -0.016 0.010 -0.039 -1.592 0.112
LU social and commercial 0.033 0.018 0.056 1.835 0.067
LU agricultural -0.012 0.008 -0.036 -1.542 0.123
LU recreational 0.019 0.010 0.045 1.780 0.075
LU amusement 0.045 0.027 0.040 1.679 0.093
Address density -4.148E-05 0.000 -0.075 -1.665 0.096
Distance to station 0.069 0.017 0.122 4.100 0.000
Parking rate 74.864 28.123 0.063 2.662 0.008
Jobs within buffer 0.000 0.000 -0.087 -2.591 0.010
Train stations within buffer -0.928 0.514 -0.059 -1.806 0.071
Hospitals within buffer 1.717 0.869 0.058 1.976 0.048
Higher education within buffer 0.468 1.044 0.014 0.448 0.654
Secondary education within buffer 0.319 0.232 0.042 1.372 0.170
P+R within buffer -0.795 0.694 -0.036 -1.146 0.252
Other bus stops within buffer -0.402 0.081 -0.128 -4.948 0.000
Closest to train station 2.534 0.747 0.110 3.391 0.001
Closest to hospital 1.671 1.392 0.034 1.201 0.230
Closest to higher education 0.386 1.653 0.007 0.233 0.815
Closest to secondary education -0.055 0.365 -0.004 -0.150 0.881
Closest to P+R 1.656 1.093 0.045 1.516 0.130
Jobs accessible 4.215E-05 0.000 0.285 6.303 0.000
Hospitals accessible -0.248 0.145 -0.057 -1.708 0.088
Higher education accessible 0.384 0.140 0.091 2.742 0.006
Secondary education accessible 0.025 0.030 0.051 0.844 0.399
P+R accessible -0.276 0.135 -0.108 -2.048 0.041
Dummy central station -6.779 2.275 -0.087 -2.979 0.003
Directions 0.435 0.043 0.362 10.055 0.000
Bus operators -0.360 0.219 -0.048 -1.640 0.101
Directions 0.025 0.029 0.021 0.871 0.384
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9.10 Assumptions OLS

Figure 23: P-P plot
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Figure 24: Variance residuals

9.11 Correlation car ownership and low income households

Table 23: Correlation car ownership and low income households

Average car
ownership

Percentage low
income households

Average car ownership Pearson Correlation 1 -.751**
Sig. (2-tailed) 0.000
N 964 964

Percentage low income households Pearson Correlation -.751** 1
Sig. (2-tailed) 0.000
N 964 964
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9.12 Correlations frequency and accessibility higher education and hos-
pitals

Table 24: Correlations frequency and accessibility higher education and hospitals

Frequency
Accessibility

higher education
Accessibility

hospitals
Frequency Pearson Correlation 1 .379** .296**

Sig. (2-tailed) 0.000 0.000
N 964 964 964

Accessibility higher education Pearson Correlation .379** 1 .368**
Sig. (2-tailed) 0.000 0.000
N 964 964 964

Accessibility hospitals Pearson Correlation .296** .368** 1
Sig. (2-tailed) 0.000 0.000
N 964 964 964

9.13 Secondary schools

Figure 25: Bus stops with a secondary school in catchment area
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9.14 Car ownership

Figure 26: Car ownership

9.15 Access time VBW

It is possible that the bus stop locations in the VBW and the bus stop locations used in this study
did not exactly match. A maximum walking time of ten minutes was set in the VBW to ensure
the bus stop could be reached. When for example, the maximum time was set to one minute and
the bus stop location in the VBW and the bus stop location used in this study were two minutes
walking apart. Therefore no bus stop can be reached and the values for the accessibility variables
would be very low.
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9.16 Estimates SLX model

Table 25: SLX full model

B Std. Error Std. B Sig.
(Intercept) -0.689 3.131 0.826
Average household size 0.545 0.313 0.056 0.082*
Average car ownership -1.064 0.698 -0.075 0.128
Female -0.009 0.050 -0.005 0.861
Youth (15-24) 0.041 0.019 0.063 0.032**
Elderly (65+) -0.009 0.017 -0.021 0.589
Households with low income 0.012 0.011 0.038 0.278
Western background 0.031 0.048 0.019 0.523
Non Western background -0.004 0.010 -0.012 0.689
Green votes 0.002 0.009 0.008 0.796
LU residential 0.037 0.005 0.284 0.000***
LU business -0.004 0.009 -0.010 0.659
LU social and commercial 0.068 0.017 0.114 0.000***
LU agricultural -0.001 0.007 -0.003 0.902
LU recreational 0.022 0.010 0.051 0.036**
LU amusement 0.036 0.031 0.032 0.250
Address density -1.17E-4 4.19E-5 -0.014 0.709
Distance to station 0.007 0.026 0.012 0.800
Parking rate 14.311 22.651 0.012 0.528
Jobs within buffer -4E-5 -1E-4 -0.012 0.737
Hospitals within buffer 1.660 0.744 0.055 0.026**
Higher education within buffer 1.539 0.921 0.045 0.095*
Secondary education within buffer 0.191 0.176 0.024 0.280
P+R within buffer -0.527 0.561 -0.023 0.348
Other bus stops within buffer -0.052 0.073 -0.016 0.472
Closest to train station 1.413 0.471 0.060 0.003***
Jobs accessible -7.69E-6 1.04E-5 0.118 0.002***
Hospitals accessible -0.359 0.199 -0.080 0.071*
Higher education accessible -0.117 0.174 -0.027 0.501
Secondary education accessible -0.018 0.025 -0.034 0.477
P+R accessible -0.050 0.110 -0.019 0.647
Dummy central station 3.673 1.813 0.046 0.043
Frequency 2.602 0.118 0.636 0.000***
Directions 0.103 0.041 0.084 0.011**
Bus operators -0.613 0.213 -0.08 0.004***
Lag x Female 0.104 0.066 0.049 0.116
Lag x Elderly (65+) -0.036 0.020 -0.069 0.074*
Lag x Western background 0.020 0.062 0.010 0.745
Lag x LU residential -0.028 0.006 -0.168 0.000***
Lag x LU business -0.005 0.013 -0.009 0.693
Lag x LU social and commercial -0.048 0.024 -0.068 0.044**
Lag x LU agricultural -0.007 0.012 -0.013 0.573
Lag x LU recreational -0.003 0.015 -0.005 0.838
Lag x LU amusement 0.010 0.042 0.007 0.812
Lag x Distance to station 0.056 0.028 0.088 0.044**
Lag x Parking rate -33.025 39.797 -0.017 0.407
Lag x Jobs within buffer -1.88E-4 1.77E-04 -0.004 0.920
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Table 25 continued from previous page
B Std. Error Std. B Sig.

Lag x Hospitals within buffer 0.546 1.079 0.013 0.613
Lag x Higher education within buffer 0.002 1.219 0.000 0.998
Lag x Secondary education within buffer 0.351 0.243 0.036 0.149
Lag x P+R within buffer 0.589 0.743 0.020 0.428
Lag x Other bus stops within buffer -0.233 0.102 -0.058 0.023**
Lag x Closest to train station -0.480 0.889 -0.011 0.590
Lag x Hospitals accessible 0.206 0.221 0.043 0.350
Lag x Higher education accessible 0.322 0.199 0.067 0.106
Lag x Dummy central station 9.355 3.186 0.079 0.003***
Lag x Frequency -0.171 0.160 -0.034 0.286
Lag x Directions -0.189 0.062 -0.116 0.002***
Lag x Bus operators 0.175 0.291 0.017 0.548
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