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Summary

Introduction

As cities strive for more sustainable and accessible mobility by promoting public transport, buses play
a key role in connecting residents of all neighbourhoods to and from the wider rail network. Yet,
despite growing attention to multimodal transport, ridership on urban bus routes has been slow to
recover since the COVID-19 pandemic.

One opportunity lies in making it more attractive for the train passenger to travel to or from the train
station by bus. For these travellers, transfer time can be a crucial factor in choosing the bus as first- or
last-mile transport. Still, it remains unclear to transport operators whether better alignment between
buses and trains truly leads to more passengers. This thesis investigates that question by exploring the
effect of train-bus transfer times on urban bus ridership and identifying how attractive transfers can
support network planning

One promising strategy lies in improving the quality of connections between buses and trains. Since
train travellers are already public transport users, they may be more inclined to use the bus, as long
as the transfer is convenient. Among the various aspects that define transfer quality, transfer time
stands out as a potentially decisive factor. However, it remains uncertain to what extent better-aligned
transfers actually lead to more passengers. This thesis investigates the relationship between train-bus
transfer times and bus ridership, with the goal of providing guidance in network planning aimed at
increasing passenger number.

Methodology

The analysis focuses on two mid-sized Dutch cities: Maastricht and Breda. These cities differ in the
trains by which they are served, but both operate urban bus networks centred around their central
train stations. To estimate how different factors influence bus ridership to and from the train station,
a direct ridership model is developed. This type of model links passenger numbers at bus stops to
externally observable characteristics such as demographics, land use, and service-level attributes.

A key deviation in this study from previous work is the use of a multi-level regression approach,
which estimates ridership at the separately for each line per stop. This disaggregated method enables
the observation of variation in transfer opportunities across bus lines that serve the same stop. This
way, the endogenous variable representing the aggregated frequency of a stop becomes less dominant
in explaining ridership.

To assess transfer quality, three approaches are tested. The first uses the average transfer time between
bus and train, weighted by train usage. The second includes individual transfer times to selected train
services. The third and most promising method introduces binary indicators representing whether
the transfer time of a connection to a specific train falls within a feasible window of 5 to 12 minutes.
This interval is selected after comparing previous literature finding and current planning principles of
transit operators.

The model is applied to several time periods; weekday daytime, evenings, Saturdays, and Sundays,
primarily because the transfer opportunities change across these periods due to different schedules
being operated. By comparing these time windows, the variation in the effect of transfer timing can
be studid. Finally, to check generalisability, the analysis is repeated for Breda using weekday daytime
data, to make a comparison across two different regional contexts.



Key ndings

In Maastricht, a clear link is found between better transfer coordination and higher bus ridership. Each
additional minute of average transfer time is associated with a 2.3% drop in the number of boarding
passengers. Meanwhile, bus lines offering a favourable connection to the intercity train—, with a
layover time between 5-12 minutes, see ridership increase by 36%. These findings confirm that transfer
timing significantly affects a traveller’s decision to use the bus as a first- or last-mile mode to the
train.

Among the tested methods, the binary transfer indicator was found to be the most accurate and prac-
tically applicable. It reflects the non-linear relationship in which both too short and too long transfers
are deemed unfavourable.

The importance of transfer quality varies depending on the time of travel. During weekday evenings,
no effect was observed, possibly because evening trips are more focused on travellers transferring
from the train to the bus to return home. In contrast, on weekends, the transfer effect is stronger. On
Saturdays, attractive connections are associated with a 43% increase in ridership; on Sundays, the effect
grows to 65%, likely due to the lower frequencies operated on these days.

Breda, which has more frequent and varied intercity services, shows a smaller influence. While the
transfer effect is still present, it is less pronounced, with the most favourable time interval linked to a
23% increase in ridership. This difference is likely caused by a wider variation in train departures and
passenger flows, which reduce the dominance of one single transfer opportunity.

Overall, the analysis shows that the impact of transfer coordination is most noticeable when passenger
flows are concentrated around a limited number of train services and when bus arrival or departure
times can be meaningfully aligned.

Discussion

While the study clearly detects ridership changes related to transfer times, it assumes a constant effect
limited to the 5-12 minute window. The exact shape of the relationship both within and outside this
interval remains unknown and offers a direction for future research.

Still, the findings strongly indicate that poor transfer conditions discourage ridership, while well-timed
connections support it. Despite local differences, the link between good transfers and higher passenger
numbers holds across both cities. Especially at train stations where there are limited train services and
passengers are unevenly distributed over the different trains, a strong transfer effect can be observed.

Analysing ridership at the stop-line level proves both feasible and insightful. For transit operators such
as Arriva, these models offer a practical tool for evaluating the benefits of rescheduling or redesigning
routes, helping balance service efficiency with passenger needs.

Practical recommendations

The findings suggest several practical considerations for transport authorities and operators aiming to
enhance urban bus ridership through improved integration with rail services.

Improving transfer coordination at major train hubs may be especially beneficial in regions where train
services are infrequent or concentrated around a few high-demand trains. Aligning bus services with
these key departures or arrivals could help increase passenger humbers.

The 5-12 minute window appears to offer a favourable balance between reliability and convenience for
passengers. Using this interval as a reference point when planning bus arrivals before train departures,
or bus departures after train arrivals, may help in attracting multimodal travellers.

Vi



Conclusion

This study finds that bus-train transfer times in the 5-12 minute range are associated with significantly
higher ridership to and from the train station. Although the effect varies across time periods and
networks, there is one consistent takeaway: well-timed and convenient transfers between bus and
train are key to attracting more passengers in urban networks.

Vii
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1 Introduction

As an integral part of the Dutch public transport system, buses contribute to accessibility, sustainability,
and the overall ef ciency of urban mobility. On an average day, around 1.2 million bus trips are made
daily in the Netherlands [CROW, 2024]. Within cities, it is an equitable, environmentally friendly and
space-ef cient means of travel as opposed to the private car, and the additional gained accessibility
contributes to economic development [van Oort et al., 2017]. Hence, policymakers commit to ensuring
adequate bus connections in Dutch urban regions.

Despite these efforts, bus passenger numbers drastically decreased during the COVID-19 pandemic
and have not fully recovered [de Haas, 2023]. The public transport operator Arriva additionally re-
ported a lagging recovery speci cally for urban bus services [Arriva, 2023]. An explanation for these
underperforming urban bus lines can be found in the strong competition of the bicycle as an alternative
transport mode, especially in cities where distances are shorter [Ton and van den Heuvel, 2023].

One clear cycling advantage arises when comparing access modes to the train. While buses operate
on a xed schedule, and the duration of transferring to the train from the bus is directly determined

by the timetables, the bicycle is completely exible in arrival and departure times. Hence, to improve
the relative competitiveness of the bus, the transfer time from bus to train needs to be optimised, to
re-attract passengers.

Several arguments exist for providing favourable bus connections for access and egress transport to the
train network, besides cycling facilities. The rst argument is the indispensability of the bus to groups
who are not physically able to cycle [Bakker and Zwaneveld, 2009]. Another reason is the lack of space
around train stations to expand bicycle parking [Rijkswaterstaat, 2020], meaning that the number of
train travellers cycling to the station cannot increase inde nitely. A third justi cation is to attract the
subset of travellers who have a strong preference for accessing the train by bus [Stam et al., 2021]. Not
providing adequate bus services for this sizeable group can lead to commuters relinquishing public
transport altogether. Lastly, bus services expand last-mile accessibility by removing the need for a
private vehicle, which is generally less accessible at the egress station [Martens, 2004].

These practical and societal considerations motivate improving the competitiveness of the bus. Given
this objective, offering optimised intermodal connections emerge as a promising strategy. However,
a clearer understanding of the relationship between transfer times and bus ridership is essential to
support the necessary network redesigns and schedule changes for such an optimisation.

1.1 Problem statement

A challenge in improving public transport networks lies in understanding what drives bus ridership.
While optimising transfer times appears to be promising to improve bus popularity, the relationship
between transfer quality and bus passengers numbers has not been clearly established. However,
existing research on both bus ridership and intermodal transfers offers a scienti ¢ foundation to explore
this relationship further.

Numerous factors in uencing bus ridership have been previously discovered, including population,
frequency and land use [Chu, 2004; Dill et al., 2013; Kerkman et al., 2015]. These factors are mostly
determined at the stop-level by studying the stop's catchment area. Other attributes, like average
headway and number of directions, are derived from the network and timetable of the bus speci cally,

but predictors qualifying the intermodal connectivity between bus and train lack in these studies. This
lack of integration limits the ability to assess whether improving transfer quality leads to ridership
growth.
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Meanwhile, the intermodal connectivity quanti ed as transfer time has been studied in the context
of travel utility and route choice modelling. Speci cally for the case of bus-train transfers in the
Netherlands, both Bovy and Hoogendoorn-Lanser [2005] and Schakenbos et al. [2016] concluded that
longer transfer times have a disproportionally negative effect on travel utility, greater than walking
time or in-vehicle travel time. As a result, passengers are more likely to prefer other access/egress
modes when the waiting time between modes is undesirably long.

These ndings point to a negative in uence of long transfer times on bus ridership, but it remains
unknown whether and to what extent bus-train connections in uence the number of passengers per
stop or per bus line. This knowledge gap makes it dif cult to assess whether improving transfer
coordination could aid in re-attracting passenger numbers in urban areas. Addressing this lack of
insight would provide a valuable perspective for public transport operators to improve integration and
increase the attractiveness of bus services, particularly for networks which have an important feeder
function for the train.

1.2 Transfer time complexities

Three explanations for the lack of transfer attributes in ridership estimation models can be found. The
rst is the dif culty of representing transfer quality in a consistent, quanti able form. Another reason

is the inherent dependency of transfer times on the timetables of bus and train services. Speci cally,
transfer time can only be reliably estimated for a time window in which the timetable remains constant,
which is dif cult due to the varying schedules throughout the week. A nal complexity is introduced

by each transfer station differing in bus and train services. The following paragraphs elaborate on
these challenges and present how this study will address them.

The rst analytical challenge is identifying how to incorporate a quanti ed measure of transfer attrac-
tiveness as a predictor for bus ridership. Multimodal hubs provide multiple bus-train transfer options,
meaning that not all bus passengers connect to the same train service, if they transfer at all. Addi-
tionally, factors such as walking time between platforms and service reliability in uence the perceived
transfer quality [Schakenbos et al., 2016]. Accordingly, the rst objective of this study is to establish an
effective and practical method to represent transfer attractiveness in a ridership model.

The second consideration is temporal variability, since most operators use different timetables for peak,
off-peak, evening, Saturday and Sunday. These non-identical schedules mean that the waiting time for
a train is not the same at every hour of the week. The schedules are changed because of varying travel
patterns, for example more work-related trips presumably occur during peak hours, while leisure travel

is more prevalent on week-ends. Studying the effect of transfer times at each of these time periods is
not only necessary to account for the different arrival and departure times, but also offers valuable
insights in timetable design objectives for each of these time periods.

In addition to temporal variation, geographic differences must be taken into account. Transfer-related
attributes are shaped by the speci c transfer opportunities available at each location. Consequently, the
quality and range of transfer options can differ signi cantly between networks. To assess whether the
effect of transfer time on bus ridership is consistent across locations, a comparative analysis involving
investigating at least two study areas is required.

1.3 Research guestion

The objective of this study is to Il the knowledge gap on how bus-train transfer times affect bus
ridership in an urban, multimodal context. However, three modelling complexities need to be overcome
to obtain complete insight. First the optimal formulation to measure transfer times must be established,
which should then be used to analyse ridership across different time periods and networks. This
method allows temporal and geographic differences to be accounted for in pursuit of the research
goal.

Based on this main objective, the research question is de ned: "What is the in uence of train-bus transfer
times on bus ridership?” Accordingly three sub-questions are formulated, to address the previously
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explained modelling complexities, which break down the central research question into speci ¢ aspects.
These sub-questions are:

1. How can transfer times accurately be de ned, calculated and implemented as a predictor in direct ridership
models?

2. To what extent is there variation between the different times of the day and week in the effect of transfer
time on bus ridership?

3. Are there regional differences between bus networks in the effect of transfer time on bus ridership?

The method to answer the research question is presented in the following section. First the basic
concepts of the used model are explained, after which the approach to address the individual sub-
guestions is described.

1.4 Method

The main strategy involves modelling bus ridership using transfer-related and other explanatory vari-
ables within a so-called direct ridership model. These models estimate ridership directly using exter-
nally measurable factors related to the built environment and level-of-service of bus stops as predictors
in a regression model. Previous studies model passenger numbers per stop [Chu, 2004; Dill et al., 2013;
Kerkman et al., 2015], but since transfer times vary between bus lines serving the same stop, this study
models bus ridership at the line-per-stop level. As an example, for one observation it is estimate how
many passengers take bus line X at stop V.

The modelling results provide insight into the importance and effect of the transfer-related attributes
on ridership. The statistical signi cance of the associated coef cients give evidence for the reliability of
the results, while the magnitude of the parameter quanti es the effect in terms of a percentage increase
or decrease in ridership, associated with the transfer-related variable.

Using ridership data from two urban bus networks, pertaining to the cities of Maastricht and Breda,
the relationship between transfer possibilities and bus ridership is analysed. The rst sub-question
is answered by testing and comparing three methods to implement transfer-related variables in a
ridership model. The second sub-question is then addressed by applying the optimal method on data
pertaining to the different time periods weekdaysevenings Saturdaysand Sundays and subsequently
comparing the results. A response to the nal sub-question is sought by comparing the two study
areas Breda and Maastricht, to understand whether the effects are context-dependent.

Together, these three analyses enable the formulation of a conclusion to the main research question.
The expected ndings can be applied to practical situations and additionally contribute to scientic
problems, which are explained in the following section.

1.5 Practical relevance and scienti ¢ contribution

Uncovering the precise relationship between bus-train transfer times and bus ridership holds practical
relevance for the public transport operator, Arriva, which operates the bus networks in the studied

areas and provided the necessary data. In addition, the proposed modelling approach, estimating
ridership at the stop-line level using line-speci c level-of-service attributes (like transfer time) offers a

methodological contribution to previous research.

The operational value of this study lies in its ability to estimate changes in passenger volumes resulting
from adjustments to bus departure and arrival times. In this way, the costs of redesigning bus networks
to optimise transfer times can be weighed against the predicted changes in ridership, enabling an
assessment of cost-effectiveness. Similarly, the impact of ef ciency improvements that may lead to
longer transfer times can also be evaluated within this framework. In short, the model outcomes
provide a basis for assessing the potential of prioritising transfer time considerations into timetable
design to attract more passengers.
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This study additionally aims to address the scienti ¢ challenge associated with the issue of endogeneity
in variables typically employed in direct ridership models. Previous studies found that ridership is
largely explained by level-of-service variables such as frequency and stop amenities (like shelters and
dynamic travel information) [Cervero et al., 2010; Kerkman et al., 2015]. However, this relationship is
bidirectional; locations with high travel demand are often allocated better service, for example in the
form of higher frequency. As a result, high ridership may not be the outcome of high service levels, but
rather the reason such service levels were implemented in the rst place. Transfer time, by contrast,
is presumed to be less endogenous with respect to ridership as opposed to frequency, as it is more
constrained by external timetables and less responsive to demand patterns. To reduce endogeneity, this
study models each line individually assuming a base frequency, rather than aggregating passengers
and frequencies over all lines at one stop.

1.6 Report outline

To ful | the research objectives stated in this chapter, rst the existing literature is studied to understand
which ndings, methodological approaches and knowledge gaps have previously been the topic of
research. The next chapter will therefore discuss and review the key ndings from previous literature
and provide a theoretical outline for this study. After the literature study, the employed method
will be described in detail, together with an extensive description of the rst study area, Maastricht.
Subsequently, the rst two sub-questions are answered by providing modelling results. The last sub-
guestion rst requires a description of the second study area, Breda, after which a conclusion to this
nal question is formulated. To nish this report, the results are re ected upon, and recommendations
are made for further research, to come to a nal conclusion.



2 Literature and theory on bus ridership and
transfers

This chapter reviews the key ndings, challenges and methods from previous research to provide the
theoretical foundation for achieving the research objective, which entails uncovering how bus-train
transfer times in uence bus ridership. This objective mentions two extensively studied domains, bus
ridership and intermodal transfers.

Accordingly, the chapter starts by reviewing the studies that successfully predicted bus ridership using
various methods and explanatory variables. Afterwards, an overview is provided of literature on
intermodal transfers and their in uence on travel behaviour.

These two research areas together provide the basis for a theoretical framework that introduces the
main concepts, outlines the necessary assumptions, and describes how the key variables are expected
to relate to each other. This theory provides the basis for the modelling approach presented in the
following chapter.

2.1 Ridership modelling

Before drawing conclusions on speci ¢ in uences on bus ridership, it is important to understand the
concept of ridership more broadly. Ridership can be de ned in multiple ways, such as boarding
passengers per stop, per line, per vehicle, or per passenger type, and is in uenced by a variety of
factors. The main methods are described in the following paragraph, after which the most suitable
approach for this study is discussed in greater detail.

Bus ridership is a topic that has widely been studied in the last decades, using various methods. While

estimating demand on a bus line by traditional 4-step transport modelling has been done in the past

[Brands et al., 2014], this approach requires detailed survey data of entire trip chains composing a
journey. Other studies focus on the elasticity of ridership due to changes in service or route, like van

Oort et al. [2015] or De Lanoy [2019]. However, these methods require studying speci ¢ cases where
the level of service changed, which is not possible in all cases, especially when focusing on bus-train
transfer times.

Others employ a simpler approach, directly modelling the number of passengers boarding and alight-
ing at every bus stop [Chu, 2004; Ryan and Frank, 2009; Dill et al., 2013; Cervero et al., 2010; Kerkman
et al., 2015]. These so-called direct ridership models use a statistical regression method to estimate
the number of passengers at a stop directly using externally observable variables, such as population,
land use and frequency, without modelling route choice, network assignment or full trip chains. This
straightforward method appears viable for this study, because of the ease of implementing additional
variables, such as transfer time. Therefore, understanding how these models have been implemented
in previous research is of great importance to outline the theory to also incorporate transfer-related
variables.

2.2 Direct ridership models

Direct ridership models have been widely applied across different transport systems and geographical

contexts. Previous studies differ in the selected independent variables, the choice of regression tech-
niques and the type of transport mode examined. Since this research focuses on urban bus networks
in the Netherlands, only studies related to bus systems are reviewed. The following sections discuss
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modelling approaches and commonly used predictor variables to support the methodological choices
made in the analysis.

2.2.1 Regression methods

Before examining the various determinants of bus ridership, it is useful to rst review the commonly
applied statistical models in literature. The earliest studies used a Poisson distribution to account
for the count-based nature of ridership data [Chu, 2004]. However, Ryan and Frank [2009] and Dill
et al. [2013] preferred treating ridership as a continuous variable in an ordinary least squares (OLS)-
regression, due to its simplicity and interpretability, which then became the more popular method
[Kerkman et al., 2015].

OLS models were later improved by log-transformation of the dependent variable, the number of pas-
sengers. Taylor et al. [2009] established a substantially higher model t with such a transformation,
causing log-transformations to be widely applied in later research. While OLS-regression seems rea-
sonably effective, there are two key shortcomings that researchers have tried to address in previous
studies.

The rstissue is the endogeneity present in service-level variables. Transit operators generally improve
service on corridors where there is high demand in the rst place. A high level of service is therefore
often the result of high ridership, which violates the OLS assumption of a one-way causal relationship
from the independent variable to the dependent variable.

Endogeneity can be resolved by employing a different modelling technique, such as two-stage least
squares (2SLS) regression, which introduces instrumental variables to correct for endogenous effects.
Estupifian and Rodr'guez [2008] and Taylor et al. [2009] successfully employed this method in their
research. However, Aston et al. [2021] did a comparison of 2SLS and OLS when studying transit
networks in Amsterdam, Melbourne and Boston, and did not observe signi cant improvements, citing
the dif culty in nding a consistently strong instrumental variable as the main reason.

Using 2SLS-regression is not expected to be exceptionally important for this study, because of the focus
on intermodal transfers to indicate level-of-service. Presumably, optimised transfer times are less likely
caused by high transport demand as opposed to higher frequencies. Considering the dif culties en-
countered with 2SLS modelling and the fact that transfer variables are presumed to be less endogenous,
the simpler OLS approach remains the preferred option.

That said, OLS models are limited by the inability to account for spatial autocorrelation in the data.
Spatial autocorrelation is the phenomenon that stops close in proximity to each other are more likely to
exhibit similar characteristics. For regression models, the data is ideally uncorrelated, meaning that not
accounting for spatial autocorrelation might not yield optimal results [Pulugurtha and Agurla, 2012;
Kerkman et al., 2017]. Methods such as geographically weighted regression and spatial lag models
saw a slight improvement in results [Marques and Pitombo, 2022; de Boer, 2021], but not signi cantly
enough to prefer them over the straightforward OLS method. Additionally, the effect of transfer op-
portunities on bus ridership is assumed to be minimally affected by spatial autocorrelation.

While spatial proximity may not signi cantly in uence the relationship between transfer opportunities

and bus ridership, the fact that transfer time is de ned at the line level rather than at the stop level
introduces a different source of multicolinearity in the data. All stops on the same line segment share
the same departure or arrival time at the train station, and as a consequence the transfer time as well.
This correlation violates the OLS assumption of independence among observations. To address this
hierarchical structure in the data, multilevel regression modelling is a potential solution, dividing the
attributes in a stop-level and a line-level. Wang and Park [2024] used this approach to distinguish
variables at these two levels, allowing for a more appropriate estimation of the effects.

In conclusion, while OLS appears to be an appropriate method in most cases, the inclusion of transfer-
related variables introduces a nested data structure, warranting the use of a multi-level regression
model. The multi-level method distinguishes the stop-level from line-level attributes (such as transfer
time) to account for any correlation present between stops on the same line, thus yielding more accurate
parameter and error estimates. For these reasons, this study employs a multi-level regression model,
grouping the observations according to the bus line that they pertain to.
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2.2.2 Determinants of ridership

The determinants of ridership are the independent variables in uencing the number of passengers.
These predictors can be categorised in three groups; socio-demographic, built environment and level-
of-service. To begin, the various de nitions of the catchment area of a bus stop need to be reviewed,
since the rst two variable categories are based on this area. Afterwards, the separate functions of each
category are explained, to nally conclude with an overview of the key variables used in literature.

For both socio-demographic and built environment attributes, the catchment area is leading in col-
lecting the necessary data, emphasising the importance to accurately establish rst its size and then its
shape. Some studies propose a 400 m (or 0.25 mile) circular buffer around the bus stop [Dill et al., 2013;
Pulugurtha and Agurla, 2012; Kerkman et al., 2015], since 400 m is generally seen as the maximum
distance most are willing to walk to access the bus. Pulugurtha and Agurla [2012] even concluded 400
m to be the most accurate size, after comparing multiple distances. Still, some studies have concluded
that stops served by frequent and fast bus services tend to have larger catchment areas, as passengers
are more willing to cycle to these stops [Ton et al., 2020; Brand et al., 2017]. However, Brand et al.
[2017] also noted that this effect is primarily observed for bus rapid transit (BRT) services, a category
that does not include the lines composing the urban networks examined in this study. Therefore, 400
m remains the most appropriate catchment radius for calculating the independent attributes in the
context of this research.

An additional consideration is that street networks rarely allow for straight-line travel, meaning that
the Euclidean distance often does not re ect the actual walking distance. This discrepancy arises
because people must follow streets and pathways, which do not form perfect circles around bus stops.
To more accurately model walking distances, catchment areas can instead be delineated by tracing
realistic walking paths along the street network, as done by Ryan and Frank [2009] and Montero-Lamas
et al. [2024]. While this approach provides a more realistic representation of walking accessibility,
it is computationally more demanding and complex. Both methods did not produce substantially
different results, but Montero-Lamas et al. [2024] suggest only using the more complex method when
there are physical barriers present that signi cantly impact walking route lengths. In short, in most
environments a circular buffer of 400 m around the bus stop adequately describes the catchment area
to supply the necessary data for the socio-demographic and land use variables.

Socio-demographgtatistics describe the residents living in the vicinity of a bus stop. Since some groups
are more likely to travel by bus than others [KiM, 2023], knowing the characteristics of the population
contributes to estimating the number of bus passengers.

The most important predictor is the population density or number of inhabitants [Cervero et al., 2010],
which indicates a substantial share of the travel demand present at a bus stop. Some studies took into
account different age groups [Dill et al., 2013], gender [Chu, 2004; Ryan and Frank, 2009] and ethnicity
[Pulugurtha and Agurla, 2012; Ryan and Frank, 2009], but the effect was mostly small or insigni cant.
One variable that consistently showed a negative effect on ridership was income [Chu, 2004; Ryan and
Frank, 2009; Pulugurtha and Agurla, 2012; Dill et al., 2013; Kerkman et al., 2015], since low-income
households are less likely to own cars and are thus more often resorted to the bus. Nevertheless, car
ownership in itself as a predictor produced varying results. While Chu [2004]; Ryan and Frank [2009];
Pulugurtha and Agurla [2012] found a negative effect, Dill et al. [2013] concluded a positive in uence,
whereas de Boer [2021] observed that car ownership was insigni cant when using a spatial model.

Additional potential riders besides local inhabitants where de ned by Kerkman et al. [2015], counting
the local employers, students and train travellers as well. In their study, these groups were summed
to calculate the predictor potential travellers However, their individual impact on ridership was not
studied, leaving a knowledge gap to be researched.

Understanding the built environmentof a bus stop has also been proven to obtain insight in the number
of boarding passengers, forming the second group of variables de ned by the catchment area of the bus

stop. Metrics include walkability [Chu, 2004; Ryan and Frank, 2009], spatial distance to the city centre
[Dill et al., 2013; Kerkman et al., 2015] and accessible jobs [Chu, 2004; Dill et al., 2013]. Additionally,
dividing the catchment area in land use percentages was also observed to be useful in explaining
ridership [Pulugurtha and Agurla, 2012; Kerkman et al., 2015]. Residential and commercial land uses
were found to attract more passengers than industrial zones [Pulugurtha and Agurla, 2012; Dill et al.,
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2013; Kerkman et al., 2015]. Understanding the physical features of the catchment area is thus an
additional element in explaining patronage.

Factors describing the attractiveness of the transit serviceform the last category of variables explaining
bus travel demand. Routes with a higher frequency attract more passengers [Cervero et al., 2010; Dill
et al., 2013; Kerkman et al., 2015]. Likewise, transfer nodes in the system also seem to experience higher
ridership [Kerkman et al., 2015]. Finally variables indicating stop amenities such as shelters, benches
and dynamic travel information were associated with more popular bus stops [Kerkman et al., 2015;
de Boer, 2021].

One predictor that has not yet been incorporated into direct ridership models is a variable that captures
intermodal connectivity with the train, such as the transfer time between modes. This attribute is an
important component of the level of service for multimodal travellers. Its absence in existing models
contributes to the current knowledge gap regarding the in uence of transfer quality on bus ridership.

All these ndings are summarised in table 2.1.

Variable Relationship | Reference

Socio-demographic

No. of residents + [Chu, 2004; Dill et al., 2013]

% female + [Chu, 2004; Ryan and Frank, 2009]

% aged 65+ ns [Dill et al., 2013; Kerkman et al., 2015]

% without car + [Chu, 2004; Ryan and Frank, 2009]

Income - [Chu, 2004; Kerkman et al., 2015; Ryan and Frank, 2009]

Built environment

Population density + [Aston et al., 2021; Cervero et al., 2010]

Job density + [Chu, 2004; Dill et al., 2013; Guo and Huang, 2020]
Land use (LU) residential + [Kerkman et al., 2015]

LU commercial + [Dill et al., 2013; Pulugurtha and Agurla, 2012]

LU agricultural - [Kerkman et al., 2015]

LU sociocultural + [Kerkman et al., 2015]

LU institutional + [Pulugurtha and Agurla, 2012]

LU industrial - [Pulugurtha and Agurla, 2012]

Pedestrian amenities + [Estupifian and Rodr'guez, 2008]

LU mix ns [Dill et al., 2013]

Walkability + [Chu, 2004; Ryan and Frank, 2009]
Transit accessibility + [Chu, 2004]

Level of service

Transfer stop + [Dill et al., 2013; Kerkman et al., 2015]
Transit centre + [Dill et al., 2013; Kerkman et al., 2015]
Terminal stop ns [Kerkman et al., 2015; Guo and Huang, 2020]
Frequency + [Kerkman et al., 2015]

Average headway - [Dill et al., 2013; Cervero et al., 2010]
No. of directions + [Kerkman et al., 2015]

No. of bus stops within buffer - [Dill et al., 2013]

No. of feeder trains + [Cervero et al., 2010]

Dynamic information + [Kerkman et al., 2015]

Benches + [Kerkman et al., 2015]

Table 2.1: An overview of the most important independent variables used in previous research

2.2.3 Conclusion on direct ridership models

While direct ridership models have shown to successfully explain bus ridership in multiple instances,
some issues and knowledge gaps remain unaddressed. The rst problem is the variation in variables
and associated effects across study areas. Researches have concluded that these models are typically
only locally applicable, requiring a different model to be estimated for each region [Kerkman et al.,
2015]. de Boer [2021] stated that there are probably differences even between rural and urban areas for
the same reason. These arguments support limiting the scope to urban areas and selecting variables
based on an analysis conducted in a similar geographical region, for example the study by Kerkman

et al. [2015].



2 Literature and theory on bus ridership and transfers

The main research gap identi ed is the absence of variables that capture transfer quality in direct
ridership models. While various stop-level and service-level attributes have been widely studied, the
in uence of intermodal transfer characteristics remains unexplored. The following section presents
arguments supporting the expectation that these variables also affect bus ridership.

2.3 Intermodal transfers

The most important predictors and methods have been discussed, and the effectiveness of direct rider-
ship models has been proven. One underlined knowledge gap was the potential of including bus-train
transfer times as a ridership predictor. Its impact has been studied in several different research ap-
proaches and the consensus is that access and egress time (and the associated need to transfer) have
a disproportional negative impact on the perceived travel utility of public transport trips [Krygsman

et al., 2004].

Travel utility refers to the overall perceived value or burden of a trip, considering not only actual travel
time but also how different components of the journey are experienced by passengers. A higher utility
or lower disutility is associated with a higher probability that a speci c travel mode is chosen.

In the case of accessing a train station by bus, the trip requires walking to the bus stop, waiting for
the bus, travelling by bus, walking to the train station and nally waiting for the train. Bovy and
Hoogendoorn-Lanser [2005] concluded that these different stages of a multimodal trips contribute
differently to the travel resistance. Wait time was found to have an impact of a factor 2.2 higher than
in-vehicle travel time. A similar transfer penalty has been established by numerous other studies as
well [Wardman and Hine, 2000].

Transfer penalties can also be expressed as the additional perceived minutes of delay that passengers
associate with a transfer, beyond the actual waiting time. Train-train transfers in the Netherlands have
been studied by Arentze and Molin [2013] and De Keizer et al. [2012], who reported a penalty of 22
and 23 minutes respectively, meaning that trip containing one transfer needs to be at least 22 minutes
quicker than a direct trip to be perceived as equally attractive.

Yap et al. [2024] investigated bus transfers to the metro in the greater London area, and estimated a
penalty of over 10 minutes for bus-metro transfers, which is more than the 4 minutes reported for a
metro-metro transfer. Bus-train transfers, which are the focus of this study, have only been researched
by Schakenbos et al. [2016], who compared bus, tram and metro as access and egress modes for Dutch
train travellers. In their study, the additional disutility was estimated between 5 and 9 minutes for
transfer from train to bus, and between 6 and 7 minutes for bus to train, depending on the frequency

of the connecting mode. Another nding of Schakenbos et al. [2016] was that the optimal transfer time

is 8 minutes, and that both shorter and longer wait times in the 3-15 minutes range resulted in a lower
probability that a passenger would choose the bus.

These negative effects of ridership on travel utility have been the motivation for multiple planning
problems where bus schedules were optimised to minimise transfer times [Liu et al., 2021]. The studies
mentioned in the review by Liu et al. [2021] are successful in nding ways to decrease transfer times
within a bus network, but the consequent change in bus passengers remains unknown.

2.3.1 Conclusion on intermodal transfers

In summary, transfer time is an important contributor to travel impedance of a public transport trip.
However, its effect is mainly studied in mode choice models to measure the attractiveness of the bus
in comparison to other modes. As a result, the impact on the number of passengers in the busremains
unknown.

Other level-of-service variables similarly affect travel resistance, such as frequency and travel time
[Brands et al., 2014]. Since higher utility increases the likeliness of the bus being chosen by travellers,
increasing utility by providing more attractive services is expected to lead to a growth in bus ridership.
This relationship has been established for the service level attribute frequencywhich is clearly positively
related with passenger numbers. Using the same reasoning, transfer time is expected to similarly affect
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ridership. Longer transfer times result in lower utility and therefore fewer passengers. Vice versa,
shorter transfer times are hypothesised to be associated with more popular bus services.

2.4 Secondary factors outside the scope of this analysis

Some aspects may affect ridership or transfers, but are not suited to be included in the direct ridership
model.

One such factor is punctuality, for which Lee et al. [2014] states that the distribution of arrival times of
the vehicles is important in the attractiveness of the transfer. Speci cally, high variance in arrival time
decreases reliability and thus the transfer valuation. Reliability also directly impacts ridership, as has
been observed in the study by Van Oort [2016], in which punctuality improvements such as splitting
up lines were found to increase passenger numbers.

Including punctuality as a predictor is, however, not deemed viable, since realised arrival times uc-
tuate wildly and are sensitive to disruptions. These uctuations contrast with other predictors such
as population or service frequency, which are relatively stable and quanti able. As a result, it lacks
the consistency needed for a reliable explanatory variable in a model based on the xed schedule and
stop-level characteristics.

Secondly, it has been established that lower fares also attract more passengers [Kholodov et al., 2021].
However, no conclusions can be drawn on the effect of price on ridership within the studied area,
since the price per km is the same on all bus lines. Although costs differ per trip, calculating the
price is equivalent to measuring the distance, due to the kilometre-based pricing in the Netherlands.
Consequently, any observed cost-related effects are likely correlated with a change in ridership due to
increasing distance, preventing any reliable conclusions to be drawn.

For the aforementioned reasons, these two factors are not considered in the selection of variables for
the model in this study.

2.5 Theoretical framework

The previous sections reviewed literature on both bus ridership and bus-train transfers. Combining
the conclusions to frame a theoretical basis, rst requires de ning the most important concepts. Af-
terwards, the expected in uence of transfer time on ridership is discussed. From these relationships,
a set of modelling assumptions is drawn, which inform the methodological choices for the analysis in
the following chapters.

2.5.1 De nitions

Three concepts are central to this study, and require a precise de nition. The research question refers
explicitly to both ridershipand transfer time which are therefore de ned rst. The relationship between
these two concepts is analysed using adirect ridership modewhich is subsequently explained.

Ridership per stop in this study refers to the number of passengers travelling between a given bus stop
and the central station. Since the focus is on evaluating the potential in attracting passengers using
the bus as an access or egress mode to the train, only station-related trips are included, since transfers
can only be made at the train station. For rst-mile trips, the ridership is de ned as the number of
passengers boarding at a stop and travelling to the station. Conversely, for last-mile trips, ridership
refers to the number of passengers alighting at that stop, coming from the station.

These passengers have the opportunity to transfer to a train at the central station, where they are
subject to a transfer time, that depends on the speci ¢ train service they connect to. The transfer time
is de ned in two ways. For accessing transfers from the bus to the train, the transfer time is de ned
as the difference between the scheduled arrival time of the bus and departure time of the train. For
egressing transfers from the train to the bus, the transfer time refers to the difference between arrival
time of the train and departure time of the bus.

10
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The relationship between these two concepts is uncovered using a direct ridership model. This model
estimates the number of bus passengers travelling to or from the station from a given stop, using
a speci c line service. This estimation is based on a set of stop-level and line-level attributes (like
transfer time), to uncover the speci ¢ effects pertaining to these variables.

2.5.2 Theory on bus ridership and bus-train transfers

From the reviewed literature, a number of theoretical principles have emerged, which form the basis
of the approach taken in this study. First, it is established that bus ridership at the stop level can
be meaningfully explained using level-of-service variables. Second, transfer time is recognised as an
important aspect of service level, with a demonstrated in uence on travel behaviour. Finally, this
established in uence provides a reasoning for exploring multiple ways to incorporate transfer time as

a level-of-service variable in the model.

Bus ridership is in uenced by a range of factors, many of which are related to either the catchment
area of a bus stop or the level of service. The level of service can be quanti ed using, for example, the
frequency of buses serving a stop, the average headway or the operational speed. From a multimodal
perspective, transfer time is a metric to quantify service quality as well, where shorter waiting times
are generally more attractive.

For this reason, shorter transfer times are generally associated with higher travel utility. Travel utility
refers to the perceived bene t or attractiveness of a transport option. According to Schakenbos et al.
[2016], acceptable bus—train transfer times typically fall within a 3 to 15-minute window, with 8 min-
utes being optimal. Travel utility decreases as the transfer time approaches either end of this range,
indicating a non-linear relationship. This non-linearity is a challenge when incorporating transfer time
into a direct ridership model, which typically assumes linear effects of predictors.

Another challenge is the dispersion of passengers over the different trains at the train station. These
two dif culties show that transfer time is not a xed attribute and that it can be represented in multiple
ways, such as an average transfer time or as a binary indicator of whether an attractive connection is
offered. These alternative formulations re ect different assumptions about how passengers experience
and respond to transfer quality, and are explored further in the methodology chapter.

Combining these theories, it is hypothesised that longer transfer times lead to lower passenger num-
bers.

2.5.3 Conceptual model

The theory concludes that multiple factors in uence ridership, among which transfer time is presumed
to have a negative effect. The most important variables that were encountered in previous literature
are visually represented in a conceptual model, which is shown in gure 2.1.

2.5.4 Assumptions

Developing a model to account for ridership at the stop-line level involves some initial assumptions. A
key premise is that bus schedules are coordinated with the train timetable: both operate at a frequency
of two trips per hour with xed departure and arrival patterns relative to the half-hour. In addition,

all vehicles are assumed to operate on time. The analysis is limited to trips to and from the central
station, under the reasoning that transfer time only affects these passengers.

For the de nition of transfer-related attributes, three additional assumptions are made. First, it is
considered that bus passengers are distributed across train services in a manner similar to the general
train passenger population, when calculating the average transfer time. Second, given the non-linear
relationship between transfer time and perceived travel utility, it is expected that transfers are most
attractive within a speci c time window. The transport planners at Arriva, who designed the current
network and timetable in Maastricht and Breda, state that they aim to plan transfers within the interval

of 5 to 12 minutes, which is therefore de ned to be the attractive transfer time window. Lastly, as the

11
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Figure 2.1: Conceptual model, green showing a positive relationship, red negative. Grey indicates that
the ndings summarised in table 2.1 are inconsistent in literature ndings

effect of transfer quality is expected to vary by time period and location, separate models need to be
estimated for each study area to re ect these differences.

2.5.5 Methodological choices

Based on these assumptions and the conclusions from the literature review, three key methodological
choices are made. The rst choice involves de ning the dependent variable as the (log-transformed)
number of passengers travelling to or from the station at a given stop using a specic line. This
formulation enables the comparison of bus lines serving the same stop, differing from the regular
method aggregating boardings over all lines at one stop.

Collecting separate entries at the same stop but with a different line, introduces correlation over the
stops served by the same level. For this reason, a multi-level regression model is employed, distin-
guishing between stop-level and line-level variables.

Third, the selection of variables for both levels is primarily based on the model proposed by Kerkman

et al. [2015]. Given the geographic speci city of ridership modelling, their study is considered an

appropriate reference due to its comparable study area. Moreover, their model demonstrated strong
performance using a limited number of variables, of which most are readily obtainable.

2.6 Conclusion

The literature review informed how bus ridership can be modelled and how transfer times affect travel
behaviour. Direct ridership models have proven to be an effective tool to estimate passenger volumes
at the stop level using observable characteristics, and the reviewed studies helped identify the most
relevant socio-demographic, built environment, and service-level variables. However, one notable gap
in the existing literature is the absence of intermodal transfer quality as a variable in these models.

While transfer time is often studied in the context of travel behaviour and mode choice, its direct impact
on bus ridership levels has not been thoroughly explored. Several studies cite the disproportionate
penalty that passengers associate with transferring between modes, leading to the hypothesis that
longer transfer times may negatively affect bus ridership. Yet, the non-linear nature of transfer time

12
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effects and the hierarchical structure of the data pose methodological challenges that require specic
modelling choices.

To address the research gap, a modelling approach is outlined in the next chapter. It integrates transfer
time as a level-of-service variable within a multi-level direct ridership model. This approach allows for
obtaining a clearer understanding of how train transfers in uence bus ridership and provides practical
insights for schedule improvements.

13
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This chapter describes the speci ¢ steps that were taken to carry out this research. These steps include
the selection of the study areas, data collection, variable calculation and the estimation of the regres-
sion model. Together these procedures are designed to enable the analysis aimed at uncovering the
relationship between bus-train transfer times and bus ridership. The details of the research design are

presented in the following section. Second the model is explained, after which the selected attributes

are discussed. Finally, the data sources consulted to obtain the attribute values are listed.

3.1 Research design

Central to this study is the analysis of the number of passengers using a speci ¢ bus line at a particular
bus stop. This study applies a quantitative approach using cross-sectional data, with the objective
to identify statistical relationships between ridership at the line-per-stop level and transfer-related
attributes, alongside other explanatory variables. As opposed to studying changes over time, the
average ridership within a prede ned time period is compared between stop-line combinations. By
assessing the respective differences in transfer possibilities and correcting for other known factors in
attracting passengers, relationships can be observed between transfer time and ridership.

To answer the sub-questions, multiple estimations are done using different attributes, and over varying
time windows. In addition, a second study area is explored and compared with the original results.
These three analyses provide insight in the generalisability of the model, and the context-dependence
of the results.

Finally, the ridership change for two planned route alterations is estimated, to test the model and to
provide as example for the practical applicability.

3.2 Model development

The analysis is done using a direct ridership model. Direct ridership models are ef cient tools to
explain bus ridership, since they require less data than traditional 4-step transport models, which are
reliant on precise travel survey data to produce trip distributions and consequently predict passenger
ows. In addition, direct ridership models show better interpretability as they are also able to capture
the in uence of transit level-of-service and the built environment, for which the 4-step model lacks
the explanatory power. Lastly, direct ridership models can also give insight into travel demand in
locations where there is no transit yet, since the production of new results is not dependent on past
travel behaviour. These arguments support the potential of uncovering the effect of transfer times on
ridership using a direct model.

First the observations that together make up the input for the model are clari ed. Afterwards, the
regression model is explained. Finally, the adaptations to answer the separate sub-questions are de-
scribed.

3.2.1 Observations

Capturing the in uence of bus-train transfers requires a slightly different approach to traditional di-
rect ridership modelling, since transfer possibilities are a route attribute and not a stop characteristic.
Usually, there is one observation per stop, counting the number of passengers using the stop (in a day,
week, etc.). Instead, the approach in this report records a separate data point for every single bus line
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that serves the stop. For instance, when two bus lines serve the same stop but follow different routes
to the train station, they result in distinct travel and transfer times. Therefore, they are represented as
separate observations in the model to account for these differences. Nevertheless, transfer times do not
only vary between bus lines, but optionally also across trips pertaining to the same line.

This phenomenon is observed for lines with a frequency different from two per hour. Since train ser-
vices in the Netherlands follow a standard pattern that repeats itself every 30 minutes, bus services
with a 30 minute headway have a constant transfer time to the same trains (not accounting for delays).
When the bus frequency increases, the transfer time is not equally distributed over all buses. For ex-
ample, when the frequency is 4 times per hour, one pair of buses shows different transfer possibilities
from the other pair. To capture this phenomenon, bus services with a 15-minute headway are included
as two separate lines with the same routes, but with different transfer times, resulting in each observa-
tion representing a bus serving a stop 2 times per hour. In this research, all bus lines had a frequency
of either 2 or 4 times per hour. By accounting for all variations in arrival and departure times at the
station for every bus trip and tying them to the half-hour pattern of the railways, the effect of transfer
possibilities on ridership is optimally observed.

In addition to splitting up the trips of high-frequency bus lines, the dependent variable undergoes a
mathematical logarithmic transformation. The same transformation is applied to the variables inhab-
itants, studentsand frequency because of their skewed distribution. Log-transforming these variables
enhances the numeral stability and results in a normal distribution of the residuals.

3.2.2 Multi-level regression

The previously described individual observations are collectively used to estimate the coef cients of
the multi-level regression model. This approach accounts for the hierarchical structure in the data,
since some variables are determined by the stop, while others by the bus line. Since observations of
different stops on the same line may share unobserved characteristics, such as the headway with other
bus lines, route directness or underlying travel patterns, a conventional linear model would likely
underestimate standard errors.

A multi-level model addresses this issue by introducing random effects at the line segment level,
thereby separating within-line and between-line variation. More speci cally, every line segment is
associated with its own random intercept, which represents the base ridership for that line. All in-
dependent variables are assumed to be xed effects, for which the coef cients are equal across line
segments.

The regression equation can be written as:

Yij = bo+ blxlij + b2X2ij + ...+ bkxkij + Ugy t g (3.1)

In which:
* Y;j;j is the observed ridership for stop i using line j.
o Xy, Xy, ...,Xig denote the set of independent variables.
* Xyjj is the observed value for variable 1 of stop i and line j.

e fbq, by, ...,bg are the coef cients representing the change in ridership when one independent
variable is changed and the others are kept constant.

* Ug is the random intercept, which is a constant representing ridership not explained by the
independent variables. This constant is assumed to randomly vary across bus lines.

* g; is the error term, which is the difference between the observed value and the predicted value
for observation at stop i, line j.
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Estimating the b coef cients involves nding the values that minimise the sum of squared residuals
in the error term g, thereby providing the best linear approximation of the relationship between the
predictors and the dependent variable. Using the standard errors, a t-test can be conducted to conclude
whether a parameter is signi cant.

Subsequently, the magnitude and signi cance of these coef cients provide insight in the effects associ-
ated with the individual independent variables. Additionally, the model t can be assessed using the
conditional and marginal R2. The conditional R? calculates the ratio between the variation explained
by the xed effects only and the total variance. The marginal R? additionally includes the variance
explained by the random intercepts.

While the regression model is the base to collecting the results to achieve the research objective, the
sub-questions require some adaptations which are discussed in the following sections. The rst sub-
qguestion explores the different approaches to include transfer-related variables, which is therefore
discussed rst.

3.2.3 Transfer to the train

To answer the sub-question How can transfer times accurately be de ned, calculated and implemented as a
predictor in direct ridership modelsthree options are explored. The rst method calculates a weighted
average transfer time to the arrival or departure time of the bus. The second way determines the
transfer time in minutes to a single selected train. The nal option de nes an ‘attractive' transfer time

window, considering a connection adequate if the transfer time to a single selected train service falls

within this interval. In summary, these three approaches provide different ways to implement transfer

times as a predictor in the ridership model.

The rst method calculates the average transfer time per bus line, weighted according to the distribu-
tion of train passengers. More speci cally, every train service is characterised by a percentage of train
travellers and a corresponding departure time. For any given scheduled bus arrival time, the transfer
time is calculated as the difference between the arrival of the bus and the departureof the train. All
transfer times shorter than 5 minutes are increased by 30 minutes, the time to wait for the next train,
since 5 minutes is the assumed minimum time needed to walk between platforms.

Collecting these layover times across all trains produces a list of transfer times. An average transfer
time is then computed, weighted by the distribution of train passengers across the different train
services. The scheduled bus arrival time and associated average transfer time differ per line, and are
thus line-related attributes. Correspondingly, all stops served by the same bus line are assigned this
transfer time in the data. The calculation is similar in the opposite case of arriving trains and departing
buses, swapping the departure time with the arrival time of the train and vice versa for the bus.

Equation 3.2 shows how the average transfer time is calculated:

ttaverage = Wrrainitliraini + Wirain2ttirain2i + Werainatteraingi + - (3.2)

In which:
* ttaveraggine1 IS the average weighted transfer time for stops served by bus line i.
* Wiain1 IS the share of all train travellers which use train service 1.
* ttyaing; iS the transfer time between train 1 and bus line i.

The second approach avoids calculating an average and consequently the need to determine the dis-
tribution of train passengers. Instead, one or two trains are selected with a presumed high transport
demand. Only the transfer times to these trains are included as a variable.

The last technique uses the same selection of trains, but instead quali es a transfer as feasible or not.
Based on design objectives of Arriva, the ideal transfer time between bus and train is between 5-12
minutes. This interval is similar to the acceptable transfer times found by Schakenbos et al. [2016],
which were between 3-15 minutes. By including a dummy variable indicating whether the transfer
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time falls within the ideal window as de ned by Arriva, the effect of the transfer opportunity can be
uncovered.

These three methods are nally compared by assessing them on their accuracy and ease of implemen-
tation. The second sub-question requires comparing results from different time periods. The reason
for this comparison is described in the following section.

3.2.4 Temporal patterns

During the week there is variation in transfer times due to the fact that timetables are not constant
throughout the week. Because of varying running times in the off-peak hours, evenings and on week-
ends, the schedules are adapted accordingly. Similarly, frequencies vary throughout the week because
of changes in travel demand. These dynamic schedules result in distinct transfer times and different
travel behaviour in general. Accordingly, separate models are estimated for four different temporal
regimes of the week. The categorization is done by checking in which time window the arrival time
at the train station falls for each bus trip. In table 3.1 the specic time windows were shown that
correspond to the temporal patterns.

Pattern Day Time window
Weekdays | Monday-Friday 7:00 - 19:00
Evenings | Monday-Sunday | 19:00 - 00:00
Saturdays Saturday 9:00 - 17:00
Sundays Sunday 11:00 - 17:00

Table 3.1: The different temporal patterns that are treated separately in the model

3.2.5 Regional comparison

The nal sub-question explores the geographic differences between networks. Since both train and
bus timetables vary across locations, the transfer effect might not be equal everywhere. The second
study region of Breda is studied, where a model is estimated on weekday daytime data using the same
variables. The selection of lines to be included is done in such a way to most closely correspond to the
Maastricht data. A more detail description of the differences is included in chapter 7.

3.3 Study areas

In this study, a selection of urban bus networks is made on each of which a separate model is estimated,
using the same set of independent variables. Kerkman et al. [2015] and de Boer [2021] theorised that
better results can be obtained by treating urban and regional bus routes separately. This recommen-
dation was made due to the different user groups and corresponding travel behaviour between urban
and regional transit. Of these, the choice was made to focus on within-city transit, the main motivation
being the lagging recovery in passenger numbers after the COVID-19 pandemic on urban routes.

The supplier of the data, Arriva, operates urban bus networks across the Netherlands, each exhibiting
varying characteristics in the context of bus-train transfers. Some transit systems contain a substantial
number of routes and stops, with high-frequency corridors, while in smaller towns, the network typi-
cally consists of few short lines. In the same vein, cities located at a node in the rail network are served
by multiple trains in different directions, as opposed to more excentric railway stations which might
only be frequented by one intercity train per half hour. Given that these transit system traits result in
varying travel patterns, multiple networks with differing characteristics are examined to capture this
variation.

Another factor in network selection is data availability. One constraint in the study of bus-train trans-
fers is the limited data on train travellers. Generally, NS (Dutch Railways) do not share detailed
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passenger numbers of their trains. However, Arriva operates local train services in Limburg, Gelder-
land, Overijssel, Friesland and Groningen, in addition to their bus operations. As a result, the sparse
NS data can be supplemented by Arriva train data in these regions, leading to more reliable results.

Maastricht is one such city where Arriva runs two regional trains and one local express service, along-
side the NS, which operates one intercity train every 30 minutes. The urban bus routes comprise a
dense network providing a frequent connection from most parts of the city to the centre and central
station. The combination of frequent bus services and less frequent train services allows for an as-
sessment of whether buses with better connections to the trains attract more passengers than those
with poorer connections. Due to the extensive urban transit system, modest train service, and data
availability on regional trains, Maastricht is the rst network for which passenger demand is estimated
using a regression model. Further details on the local transit system and the results are presented in
chapter 4.

The second study area is the urban network of Breda. This city has a similar size to Maastricht, but
is served by an entirely different selection of trains. Located close to other sizeable cities such as
Rotterdam and Tilburg, there are multiple important directions in which passengers travel. That said,
the service is not extremely frequent, as most directions are still served only once per half hour. The
comparison of two similar cities, which differ in train timetable characteristics, is predicted to give
valuable insight into which networks are more sensitive to transfer optimisation.

3.4 Attribute selection

Before describing how the data was collected for the variables, it is important to clarify the selection
of predictors. The starting point is the selection made by Kerkman et al. [2015], due to the relatively
similar study area. However, for reasons of simplicity and practicality, not all of these variables are
included in the nal model of this study. This section rst outlines the predictors that were excluded,
followed by an overview of the variables that were retained.

Some variables were found to exhibit excessively high correlations. The most consistently used predic-
tor in direct ridership models, the number of residents, was found to correlate with numerous other
variables, which were therefore omitted. For instance, residential land use had a strong positive cor-
relation, while industrial land use was discarded because of the negative correlation. In addition, the
number of competing bus stops tended to be higher in densely populated areas, making it dif cult to
isolate and estimate its individual effect.

Other attributes were deemed too endogenous to be used in this model, mainly those describing the

presence of stop amenities such as a shelter, a bench or dynamic information. These facilities are only
likely to be placed at stops which attract a high number of passengers already, and are not assumed to
substantially increase the number of riders by themselves.

Data availability was the last reason to exclude variables from the model. Job availability data was
only found on the district level, which is not granular enough for the catchment areas of the bus stops,
being substantially smaller than a district. Retail space is also presumed to have an effect on ridership,
but there are no public sources providing such metrics. Data on the number of business location was
found, but since not every business attracts the same number of bus passengers, this metric was not
deemed useful. A different proposed approach is to measure the percentage of commercial land use.
However, due to the high stop density, these locations where captured by multiple catchment areas,
while the higher demand is expected to be present only at the stop closest to retail locations, further
complicating the linking of commercial activity to bus stops.

Instead, two binary variables are proposed. The rst one categorises the stops in the city centre, while
the second one is assigned to local neighbourhood shopping centres.

In addition to these two binary variables, a third dummy variable is introduced that categorises the
central station bus stops. The central station is the main node in the bus transport network, enabling
bus-bus and bus-train transfers, thus calling for a special treatment in the model.
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Variable

Description

Measurement

Data source

Dependent variable

Bus stop ridership per line Average number boarding or alighting pas- Check-ins and check-outs | Arriva
(logarithm) sengers on a bus line at a bus stop during the | with the smart card system
time window
Transit demand
Number of inhabitants Sum of inhabitants living within the catch- Calculated using 400m CBS [2024]
(logarithm) ment area of the bus stop buffer
Number of students (loga- Number of students following a program at Direct assignment to bus DUO [2024]
rithm) an educational facility served by the bus stop stop
% population aged 65+ % of inhabitants living in the catchment area Calculate using 400m | CBS [2024]
that are older than 65 buffer
Central station (0/1) The bus stop is the central station Dummy variable -
City centre (0/1) The bus stop is a central point in the city cen- Dummy variable -
tre and frequented by many bus routes
Shopping centre (0/1) The bus stop is located at a neighbourhood Dummy variable -
shopping centre
Average income (x 1000) The average income per person of the respec- | Coupling of the bus stop to CBS [2021]
tive neighbourhood the neighbourhood
LU: socio-cultural facilities % of the catchment area with socio-cultural Division of the 400m buffer CBS [2020]
facilities
Transit supply
Frequency (logarithm) Total number of trips of all lines that serve the Summation of trips in tem- Arriva
bus stop in the time window according to the poral regime
timetable
Travel time to central sta- Running time between the stop to or from the Time difference between ar- | Arriva
tion central station using the specic bus line ac- rival/departure time at the
cording to the timetable train station and at the spe-
ci ¢ stop
*Transfer time (weighted Average transfer time for a train traveller in Transfer time average | Arriva, NS
average) the bus weighted using train distri-
bution data
*Transfer time (per train) The transfer time of the line with one speci c Time difference between ar- | Arriva
train service rival and departure of bus
and train
*Transfer time possibilities The bus has an attractive connection to a spe- | The transfer time falls | Arriva
(0/1) cic train within the 5-12 minute
window

Table 3.2: The predictors for the direct ridership model
*only one of these variables is used at the same time

The three dummy variables fall into the class of estimators describing transport demand at the bus stop.
Other demand attributes included in the model are the number of inhabitants, number of students,
proportion of elderly residents, income and nally the percentage of socio-cultural land use. Socio-
cultural land use is the only land use variable retained, since it describes important locations such
as hospitals and theatres, and is not correlated to other variables, as opposed to the other land use

categories.

The second class of independent variables contain the level-of-service characteristics. The main indi-
cator for a high service-level is frequency. Contrary to usual direct ridership models, the observations
in this dataset each constitute one bus line serving a stop with a base frequency of two per hour. The
frequency in this model thus counts how many otherbuses pass through the bus stop. The expectation
is that with a higher frequency, passengers may spread themselves more across the different buses, for
which this variable corrects.

The second variable is the travel time to the central station. The travel time is an indicator for the access
or egress time, besides the transfer time. If the central station is far away, passengers may be less likely
to travel by train altogether. Contrarily, stops in close vicinity may see less use as well, since walking
or cycling to the station might be quicker. In conclusion, the travel time is an important factor in the
attractiveness of the bus, and its inclusion as a predictor seems useful.

The nal level-of-service variables attempt to capture the in uence of transfer possibilities to the train,
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and its exact selection and implementation is included as a sub-research question. Consequently, the
different options and corresponding metric collection methods require a more detailed description.
Exploring these methods, however, rst requires an understanding of the data provided and collected
for the model input. For this reason, the following section rst explains in detail the different data
sources, and afterwards the implementation of transfer variables is discussed.

An overview of the included variables discussed in this section is presented in table 3.2.

3.5 Data collection

Based on the selected variables, data is collected from several relevant sources. These sources primarily
include Arriva smart card data and CBS (Statistics Netherlands) statistics. First the variables calculated
using Arriva data are described, before moving on to other data sources.

3.5.1 Ridership data

Arriva data is used for the dependent variable, ridership per stop per lineand for the predictors frequency
travel time to central statiorand transfer-related attributes. First the dependent variable is discussed,
then the explanatory variables.

The explained variable, ridership per stop per linds calculated using two data sources provided by the
transport operator, Arriva, one for each study area. The number of registered check-ins and check-outs
of the OV-Chipkaart smart card system was collected at every event of a bus passing a stop. These
tap-ins and tap-outs are interpreted as boarding and alighting passengers respectively. An example of
a row in the data set is shown in table 3.3.

As can be seen, both the total number of passengers boarding and alighting is shown, as well as the
subset of these passengers travelling to or from the train station. The latter subset is ultimately used
as input for the model, since only these passengers are assumed to be affected by differing transfer
times.

Date Linenr. | Tripnr. | Stop code | Arr. | Dept. | In | Out | From station | To station
7-1-2024 4 7042 | 66590120 | 17:59| 17:59| O 4 0 2

Table 3.3: An example of a row in the dataset

Filtering is done to obtain the desired input for the model. The dataset contains only stops within
the municipal borders of Maastricht and Breda respectively. In addition, days on which the so-called
vacation timetable is operated, are excluded. All trip numbers are subsequently categorised according
to the temporal periods listed in table 3.1, by referencing the arrival time of the bus at the train station.
These time windows are chosen to minimise the variation of the timetable within one period.

For each temporal regime, the average total daily number of passengers travelling to or from the
station (the last two columns in table 3.3) is calculated over the speci ¢ time window of table 3.1. The
data is collected over the periods of January-February 2024 for Maastricht, and April 2025 for Breda.
The argumentation for the selection of these different periods is provided in the respective case study
chapters 4 and 7.

It is important to note that a single stop can only register passengers travelling either to or from the
station, since a stop is located either on the line segment before, headed towards the station, or after,
coming from the station. As a result a physical bus stop with two platforms, one for each direction
(or one on each side of the road), will appear in the dataset as two distinct entries: one for passengers
heading towards the station, and one for passengers coming from it. This distinction is clari ed by
table 3.4, which shows which group of passengers is counted.

The previous paragraphs described how the dependent variable is measured, but some independent
variables were collected from the same dataset as well. Frequencyis calculated by counting the total
number of trips serving a stop within one of the time windows of table 3.1 for one day. One exception is

the central station, for which every platform at the local bus station has a separate stop code, for which
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Trip or line segment direction Stop Counted passengers
To train station Central station | Alighting passengers

To train station All other stops | Boarding passengers

From train station Central station | Boarding passengers

From train station All other stops | Alighting passengers

Table 3.4: The calculation of the dependent variable at each stop, for each line

a separate frequency would be calculated. Instead, the frequencies are aggregated over all platforms
to calculate the total number of buses serving the train station.

The remaining predictors from the Arriva data set are all calculated using a so-called reference time
The reference time is de ned differently depending on whether a stop is located on a line segment
before or after the train station. For stops before, the reference time refers to the arrival time at the train
station, while for stops served after the train station, the reference time is equal to the departure time
from the train station.

The attribute travel time to central stations derived as follows: For stops before the train station, it is
the difference between the departure time from the stop and the reference time. Conversely, for stops
after the station, the difference between the arrival time at the stop and the reference time is calculated.
The travel time is calculated for every stop and for every trip number. Finally, an average travel time is
calculated over all trips within one time window.

All transfer-related variables are also calculated using the reference time, but since they are the main
focus of this study, they were discussed in the separate section 3.2.3, which describes the comparison
between these variables as well.

3.5.2 Socio-demographic and land use data

Besides data supplied by Arriva, other public sources are consulted to calculate the remaining at-
tributes. One such source is CBS, the central statistics bureau of the Dutch government. They collect a
wide array of demographic, socio-economic and geographic data. For this research, data is taken from
three CBS sources, shown in table 3.5. For each data set, the most recent available edition is taken.

Dataset Description Variables Reference
Postcode-5 Metrics per area delimited by | Inhabitants, % elderly | CBS [2024]
the rst 5 symbols of the postal
code
Kerncijfers wijken | Metrics per district Income CBS [2021]
en buurten
Bodemgebruik Divides the area based on the | Land use variables CBS [2020]
land use

Table 3.5: The employed CBS data sources

For all stops in the Arriva dataset, a 400 m circular buffer is created and the metrics from the CBS data
are calculated to re ect the values for that speci ¢ stop. 400 m emerged as the most accurate radius for
the catchment area from the literature reviewed in the previous chapter.

The rst data set, the postcode-5 data, segments the area based on the rst ve symbols of the postal
code. The more granular postcode-6, which delimits the area using all six symbols of the postal code,
omits a substantial proportion of the data for privacy reasons, which is why the more coarse postcode-

5 is preferred. To calculate the variables inhabitantsand percentage of elderly residenthe values of
all postcode areas falling within one catchment area are aggregated. In cases where a postcode area
only partially overlaps with the buffer zone, its values are proportionally weighted based using the
percentage of overlapping area.

An example is shown in gure 3.1, where a bus stop is shown on a map. In addition, the underlying
division in postal codes is shown, together with the 400 m radius catchment area.
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