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Preface
Before I started with my PhD trajectory, I worked as a Junior Researcher conducting practiceoriented research for management departments of the VU University, in particular the
University Library, the IT department (UC-IT), and the Faculty of Economics and Business
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am very thankful to, in particular, Frans Snijders, José Frijns, and Richard Oerlemans for
making possible my dissertation trajectory.
I have much enjoyed my time as a PhD student. Highlights were conferences and road
trips in the US with Hans Koster, Ioannis Tikoudis, and Martin Adler, and in the Azores with
Martin and Korina. I also much enjoyed supervising the fieldwork of Earth & Economics
students in Limburg, together with Mark Bokhorst, Martijn Smit, Els Ufkes, Niels Adema,
and Maureen Lankhuizen. I had awesome roommates, first at Masterpoint, and later Hans
Koster and Marc de Graaf. I have much enjoyed the many discussions I had with roommates
and other fellow PhD students at VU, about economics research and about ..., well ..., other
things in life.
Another factor that strongly contributed to my PhD trajectory being so pleasurable, is
that I had very good and nice supervisors. Frank Bruinsma has played a key role in the abovementioned policy researches, so without him this dissertation would not have been possible.
Frank’s sense of humour made working with him a delight. Jos van Ommeren and Piet
Rietveld have been extremely good PhD advisors. I have very good memories of the

discussions I held with both gentlemen; they were always sharp and extremely amicable. In
particular with Jos, I held countlessly many discussions. Jos was always good humoured.
The demise of Piet Rietveld is a big loss to all economists, including to myself. It is
extremely unfortunate and somewhat ironic that he passed away on the very day that I was
supposed to hand in my manuscript. Piet has been a very important source of inspiration to me
personally, and to many others like me.
I would also like to thank my co-authors. Eva Gutierrez collected the parking data
used in Chapter 3, and we frequently discussed research ideas and draft-papers together. Hans
Koster is co-author of the paper on which Chapter 2 is based. Hans valuably contributed to
this paper with semi-parametric regression analyses. I did not include Hans’ estimates in the
present dissertation, but I will refer to Kobus et al. (2013b).
I have been saving the most important for last. My wife’s love and support have been
invaluable. Although my father is not with us anymore, he also continued to be an important
source of inspiration to me. Several nice holidays with my in-laws Elsie, Fernando, Ana, and
Patty have been important distractions from hard (PhD) work.

Martijn Kobus
Amsterdam,
October, 2014.
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Chapter 1

INTRODUCTION

1.1 Research objective
As explained in the preface, the dissertation at hand has evolved from policy researches which
I conducted for management departments of the VU University. Space at the Amsterdam
South Axis is scarce, and the objective of the policy researches was to optimise student use of
university facilities. My interest in optimising facility use, born during the abovementioned
policy-researches, has been an important source of inspiration for the essays in the present
dissertation.
In the present dissertation, I apply revealed preference analyses and some theoretical
modelling to study how individuals use (semi-) public facilities. I will focus on behaviour that
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can be steered by using policy tools, most notably pricing tools. In all of the empirical
chapters, adequate pricing of good use plays a key role. One important reason why local
facilities are often non-optimally priced is that (congestion) externalities that result from
facility use are not reflected in the price mechanism (see, Rothenberg,1970; Arnott and
McMillen, 2006; Button, 2010). In addition, a too low price for facility use may lead to
overconsumption. A key issue here is a potential discrepancy between the costs of facility use
as incurred by society, and the costs incurred by the user. When the costs to users are ‘too
low’ (high), users will use the facility beyond (below) efficient levels. The costs to the user
are the price of good use, but may also involve queuing costs and the costs of travel, for
example.
In order to gain insight into the use of public facilities from different perspectives, the
present dissertation analyses divergent kinds of facilities. In particular, I will focus on one
facility that is priced (street parking), and another facility that is not priced (university
computers). In addition, I will focus on a kind of facility that is indirectly priced (the costs of
using university facilities depend on students’ travel costs).
Pricing is not an accepted policy tool for all (semi-) public facilities. For example, the
pricing of parking is generally accepted nowadays (in particular parking at locations with high
traffic densities), but the pricing of university computers is not generally accepted. When
pricing of public facilities is not accepted, policy makers may resort to alternative policies. In
general, time limits may be an example of such measure (Arnott and Rowse, 2009a), but this
is also not viable in case of university computers. In case of university computers, policy
makers may resort to policies such as stimulating the use of (close) substitutes.
There is a large literature on economics of education, but the use of university
facilities has hardly been studied. In the present dissertation, three of the empirical chapters
deal with students’ use of university facilities. One empirical chapter deals with inefficiencies
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attributable to the absence of a pricing mechanism for university computers (i.e. hoarding
behaviour). A second chapter deals with making laptop use mandatory in universities, which
could be an alternative policy when the pricing of university computers is non-feasible. A
third empirical chapter deals with the effect of student travel (time) costs on the use of
university facilities and academic achievement. A fourth chapter deals with parking facilities
in urban areas. An empirical chapter on parking is an interesting addition to the present
dissertation, because contrary to university facilities, parking facilities are typically priced.
In all these divergent contexts, revealed preference analysis has appeared an effective
tool to formulate policy recommendations for optimising the use of public facilities.1
The outline of the present section is as follows. The next subsection presents four
examples of public facility policies that can be evaluated by using revealed preference
analyses. In the subsequent subsection (1.3, thesis overview), I will use these examples to
formulate hypotheses to be tested in the empirical chapters.

1.2. Public facilities: four key policy issues
The present dissertation focuses on the use of facilities that are (i) priced (parking spaces),
(ii) non-priced (university computers), and (iii) indirectly priced (university facilities). The
present subsection discusses four key policy issues that relate to the use of these facilities.

1

The latter policy objective is further justified by the fast pace of urbanisation that is observed in
many countries in the world (Fujita and Thisse, 2002; United Nations, 2011) and by the clustering of
knowledge centres around universities (e.g. Smit, 2010). Economists typically explain these trends
from an agglomeration advantage point of view (Starrett, 1978; McCann, 2001; O’Sullivan, 2000).
The latter trends makes it even more worthwhile to think about optimising space use in cities and
university buildings.
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1.2.1. Low prices, the first-come-first-served mechanism, and hoarding behaviour
University computer hoarding is a clear example of an externality that is induced by
potentially inadequate pricing of public facility use. To universities, providing computer labs
to students is expensive: the costs of providing one university computer for student use is
about €1,200 annually (including floor space costs). Students on the other hand use university
computers at zero costs. When computer labs are crowded, then students may hoard university
computers. That is, incumbent computer users may continue using computers at moments
when they have a low (or even zero) demand for computer use, in order to reserve a computer
for later. Hence, incumbent students with a very low demand for computer use overconsume
computer labs, at the expense of other students with a much higher demand. The hoarding of
university computers is described for the University of Amsterdam by journalist Merel
Straathof:

After being opened for only slightly longer than an hour, the library was about full of
people. At eight-thirty sharp, Eva was already standing in front of the door with her friend.
This paid off: they now have a key for a private study-room. So, now they can go for a latte
at the terrace of the Coffee Company [..]. “One shouldn’t stay away for hours, as this
would be antisocial towards other people. But with such a long day of studying ahead of us,
we simply need this.” [..]
A solution has been found for the much sought-after university computers. After twenty
Inminutes
the same
article,
the same
behaviour is also
for university
ofnewspaper
stillness, you
willroughly
be logged
off automatically
and described
another student
may take
your place. “But there are always smart guys who leave their study books on the spacebar
computers:
when they go for lunch, of course.”
Translated from Dutch (Straathof, 2011).

Many people are familiar with similar hoarding behaviour from their own experiences.
For example, many people have had the experience of arriving at a beach or swimming pool,
finding many chairs occupied by towels (or other personal belongings) of people who are
trying to keep a place occupied for later. This hoarding by using beach-towels has recently
received much media attention (e.g. Hazevoet, 2014; Rosman, 2014), but this hoarding
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behaviour has hardly been studied academically (two notable exceptions are Shoup, 2005, p.
443 and Arbatskaya et al., 2005). In the present dissertation, I will develop empirical
techniques to estimate hoarding behaviour in the context of university computers.
Hoarding behaviour is a clear example of an inefficiency, attributable to an externality
(in this case, a congestion externality) which is not adequately reflected in the pricing
mechanism (students can use university-provided computers for free).

1.2.2 The on-street parking premium
Already since halfway the 20th century, economists have advocated time and space variant
pricing of parking (Vickrey, 1954). In practice, space-variant pricing of parking has often
appeared non-feasible due to political (or technical) constraints. In many cities in the world,
policy makers set uniform street parking prices relative to uniform garage parking prices for
downtown areas. The present dissertation is concerned with welfare-optimal pricing of street
parking relative to garage parking, when space-variant pricing of parking is not feasible.
In many countries, like the Netherlands, street parking is ubiquitous, and therefore
likely more desirable than garage parking. This suggest that an on-street parking premium
may be welfare improving. An on-street parking premium would induce drivers with long
durations to park in garages, whereas drivers with short durations would be more inclined to
park on-street, thus closer to their final destinations. An on-street parking premium would
therefore potentially minimise total walking distance to the drivers’ final destinations.
In the present dissertation, I will develop and apply an empirical methodology to
estimate car drivers’ willingness to pay for street parking (relative to garage parking). In
doing so, I will try to answer the question whether an on-street parking premium is efficient.
Interestingly, in many countries, parking policy is typically opposite to the policy
recommendation provided above. In the US, for example, street parking is usually cheaper
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than garage parking. This provides drivers with an incentive to drive around while looking for
a vacant street parking spot. This cruising behaviour leads to externalities, like increased
carbon emissions, traffic accidents, and traffic congestion (Shoup, 2005).

1.2.3. Student commute time policies
Many governments subsidise university education, perhaps due to equity arguments, and
because social returns to education are expected (see, Rauch, 1993; Acemoglu and Angrist,
1999; Moretti, 2004). At the same time, student commute times are strongly influenced by
government and university policies. By studying the effect of student commute times on
university presence and academic achievement, the present dissertation aims to contribute to
more optimal student commute time policies (which indirectly affect university presence, and
thereby student use of university facilities).
Examples of policies that affect student commute times abound. In many universities,
first-year students are obliged to live on-campus or receive a form of housing assistance. The
idea seems to be that student commute times may have a negative effect on academic
achievement. For example, it may be the case that students with long commute times visit the
university less often, which may negatively affect their study results. In addition, there may be
a direct effect of commute time on study results due to travel fatigue. Interestingly, other
countries have almost completely opposite policies. In the Netherlands, for example, student
travel is even subsidised. Dutch university students travel by public transport for free, which
induces them to commute longer distances to universities (Kroes and Wilbrink, 1992).
Is subsidising student travel a good idea, or would it be more efficient to subsidise
university education in another – more direct – manner? Would it be optimal to subsidise
student housing, rather than student travel? As mentioned above, the present dissertation aims
to contribute to this debate by studying the effect of student commute time on university
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presence and academic achievement. The present dissertation can impossibly aspire to give a
full overview of the pros and cons of different ways of subsidising university education, but
the effect of student commute time on university presence and academic achievement should
be an important piece of this policy-puzzle.

1.2.4. University-provided desktop computers
Up till now, it is common practice that universities provide desktop computers to students.
Students use university-provided computers for free, and the demand for university computers
peaks only during some very specific hours. Hence, students overconsume universityprovided desktops computers during peak hours, and universities spend large amounts of
money on computers which stand idle during large parts of the day.2 This inefficiency could
be eliminated when the IT costs are internalised by students.
One way to go about internalising the IT costs to students would be to put a price to
the use of university computers. For example, time-variant pricing of computer use could in
principle lead to much more efficient computer use. One could price computer use in an
adaptive manner, as has been recently introduced for parking in San Francisco and Los
Angeles (Pierce and Shoup, 2013; Chatman and Manville, 2014). Such adaptive pricing of
computer facilities does not appear politically feasible for universities, who compete for
students based on the quality of (ICT) facilities, which is one of the criteria in the annual
Elsevier Survey of Best Studies, which is an important information source for prospective
students.
Another way to internalise ICT costs, which will be the focus in the present
dissertation, is by employing student-owned mobile IT devices. There has been a quick and
recent upsurge of mobile IT devices like laptops, tablets and smartphones (ITU, 2012;

2

The average university computer is used for slightly less than 4 hours per day (Rietveld et al., 2009).
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Disterer and Kleiner, 2013; Song, 2014). Ubiquitous mobile IT devices allow universities to
adopt Bring Your Own Device (BYOD) strategies. Universities may, for example, abolish
university computer labs and urge students to bring their own mobile IT devices (Li and
Newby, 2002; Lennon, 2012). Hence, a good case could be made for university BYOD
strategies from an efficiency point of view. The latter policy has however been objected from
an equity viewpoint (e.g., Atkinson et al., 2005; Kirkwood and Price, 2005; Margaryan et al.,
2011). In present dissertation, I will study how different groups of students would be affected
by university BYOD strategies.

1.3. Thesis overview
Hoarding externalities are a typical example of an externality induced by providing a public
facility at a too low cost. Chapter 2 tests for hoarding of university computers by students.
Hoarding is also an issue for other local facilities, such as parking spaces (Arbatskaya et al.,
2005; Shoup, 2005, p. 443). An important reason for focussing on hoarding of university
computers is that we can monitor computer use much better than the use of other publicly
provided facilities. That is, by employing computer log information, we are able to monitor
the behaviour of thousands of students over a long period of time (and construct an
instrumental variable based on time-variations in computer supply). To the best of our
knowledge, we are the first to provide empirical evidence on the hoarding of local facilities.
Chapter 3 studies how street parking should best be priced (relative to garage parking).
In particular, Chapter 3 introduces a methodology to estimate the effect of parking prices on
the choice between street and garage parking. This methodology is then applied to the CBD of
a city in the Netherlands (Almere), employing administrative parking data. To be specific, the
methodology is applied to an area where cruising for parking is absent, street parking is
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ubiquitous and garage parking is discretely located over space. Hence, the average walking
distance to the final destination is shorter for street parking than for garage parking. We
hypothesise that drivers have a positive willingness to pay for street parking (relative to
garage parking). This would potentially imply that the total walking distance in the economy
can be minimised by setting the street parking prices slightly higher than the garage parking
prices. It may therefore be the case that an on-street parking premium is efficient. This is
interesting, because in many countries in the world, including the US, garage parking is
typically much more expensive than street parking.
Chapter 4 develops a theoretical model which predicts that students with a longer
commute time (i) visit the university less often, but (ii) conditional on visiting the university
on a given day, they also stay longer. Perhaps more surprisingly, this model predicts that (iii)
the weekly hours present does not depend on commute time, while (iv) academic achievement
falls with commute time. The effect of student commute time on academic achievement has
interesting consequences for government policies that effect the residence locations of
students (e.g. subsidising student travel).
Chapter 5 studies whether University Bring-Your-Own-Device strategies is a viable
approach to internalise the university IT costs to students, which would to a large extent take
care of inefficiencies like the hoarding behaviour described in Chapter 2. Chapter 5 is
somewhat more descriptive than the other empirical chapters in the present dissertation. The
demand for university-provided desktop computers peaks during very specific hours of the
day (e.g. lunch break). Hence, during some specific hours, there is a strong excess demand for
university computers, whereas most university computers stand idle during the remainder of
the day. The latter inefficiency can be explained by the university subsidy on on-campus
desktop computers (which students use for free), which leads to an overconsumption of
desktop computers during specific peak hours. BYOD strategies internalise the IT costs to the
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students. Therefore, a good case could be made for university BYOD devices from an
efficiency point of view.
BYOD strategies have however been objected from an equity point of view (Atkinson
et al., 2005; Kirkwood and Price, 2005; Margaryan et al., 2011). The objective of Chapter 5 is
to study to what extent different groups of students would be affected by university Bring
Your Own Device (BYOD) strategies. To this end, Chapter 5 describes ownership and use of
mobile IT devices by different groups of university students, as well as the attitude of students
towards making laptop use mandatory.
Chapter 6 concludes. That is, Chapter 6 will discuss potential inefficiencies in the use
of public facilities and how policy makers can go about reducing these potential
inefficiencies. Chapter 7 is a reflection on the data employed in the present dissertation.

Chapter 2

USE-IT-OR-LOSE-IT:
EMPIRICAL EVIDENCE ON HOARDING OF
CONGESTIBLE FACILITIES3

2.1 Introduction
For many congestible goods, the individuals' costs of using the good are an increasing
function of number of current users. Important examples include recreational places, public
transport, and road transport. 4 However, for other congestible goods, congestion increases
new users’ costs of entry, for example through a longer waiting time. Relevant examples

3

We thank Richard Arnott, Frank Bruinsma, Donald Shoup, participants of the ERSA 2011
conference, and two anonymous reviewers for valuable suggestions.
4
See Gilbert and Hudson (2000), Lyons and Urry (2005), Small and Verhoef (2007), Ohmori and
Harata (2008) and Proost and Van Dender (2008).
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include curbside parking places, public housing, and airport landing slots which are allocated
using grandfather rights.5
In the present chapter, we focus on the latter group of congestible goods. The demand
for these goods, and therefore congestion, is usually strongly autocorrelated over time. For
example, if the demand for parking is high at three o'clock in a certain street, it is likely also
high one hour later. Current levels of congestion are therefore a signal of future entry costs.
Congestion then provides current users with an incentive to lengthen the period of good use,
in order to reserve a place for later (use-it-or-lose-it). This hoarding strategy receives no
attention in the economics literature (e.g., Atkinson and Stiglitz, 1980; Scotchmer, 2002). The
main exception is Arbatskaya et al. (2005), who study hoarding in a model where drivers
compete for parking spaces in an all-pay auction based on the schedule delay costs of arriving
earlier than the preferred arrival time. They show that, when there are few parking spaces
available, there are large welfare costs of hoarding. In general, hoarding results in
inefficiencies in the way congestible goods are employed, particularly during peak times.
To the best of our knowledge, there are no empirical papers on hoarding of congestible
facilities, although there are several anecdotal examples. For example, car drivers have been
observed to hoard curbside parking places (Shoup, 2005, p. 443), students have been reported
to hoard university computers (Straathof, 2011), and airlines have been observed to hoard
landing slots at airports (Doganis, 2002). For landing slots at airports, the literature focuses on
the effect of congestion on current users, but due to grandfather rights, the effect may even be
stronger for new users, because incumbent carriers continue to use landing slots that are
nonprofitable

5

in

the

short

run

(Doganis,

2002;

Givoni

and

Rietveld,

2009).

See Currie and Yelowitz (2000), Doganis (2002), Shoup (2005), Arnott and Inci (2006); Givoni and
Rietveld (2009) and Van Ommeren and Koopman (2011).

Computer hoarding
In the present chapter, we test for university computer hoarding by students. For
university computers, behaviour can be monitored much better than for other publicly
provided good. In essence, we use computer log information to estimate the effect of
computer occupancy rates on computer outflow rate, i.e. the rate at which students stop using
university computers, which is inversely related to the duration of computer use.6 Our key
assumption to identify hoarding is that students use the current occupancy rate to predict
future entry costs.7
We emphasise that students may hoard computers even when the occupancy rate of
computers is substantially less than one. The occupancy of computer labs typically peaks
during lunchtime (see Figure 2.A2). Hence, when occupancy rates are unexpectedly high
already early in the morning (e.g., an occupancy of 60 percent at 10 am), then students may
expect a high risk of the occupancy rate approaching 100 percent later on. Another reason
why students may hoard computers even when occupancy rates are relatively low is that many
students prefer to sit in groups (to work on assignments or for other reasons), and likely aim
to avoid a situation where they return to computer rooms and cannot sit together. To illustrate
this point, we will show later on that students with similar characteristics are more likely to sit
next to each other. As a result, students who prefer to work in groups of two may already have
an incentive to hoard when the occupancy rate exceeds about 0.50 (when occupied computers
are evenly spread out in each room). For students that prefer to work in a larger group,
hoarding may start at even lower levels. At the same time, the costs of hoarding a computer

6

There are also other ways in which the occupancy rate in a computer room may affect the use
duration. A high occupancy rate might lead to noise and an unpleasant atmosphere, making computer
use less attractive so that sessions become shorter than they would otherwise be. Furthermore, some
students may feel uneasy when they realise that there is a queue of people that wish to start computer
use, and therefore they might reduce their session length. Our results only show the net result of the
various effects of occupancy rates, so we may underestimate the hoarding effect.
7
In a previous version of this paper, we also extensively examine the effect of occupancy on the
inflow. In line with theory, this analysis shows that congestion reduces inflow.
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may be low for students. For example, a student may leave the computer room for a while
without logging off from the computer.
By making use of computer log information, we observe computer use by thousands of
students over a long time period. Heterogeneity of students is taken into account by including
student fixed effects. Our identification strategy to deal with the endogenous effect of
congestion on demand is based on exogenous variation in computer supply (as an instrument
we use the number of computers that are reserved for lectures). We will estimate the effect of
congestion on computer outflow rate using linear regression models. A working paper version
of this chapter applies semi-parametric regression modelling to show that this linearity
assumption is reasonable (Kobus et al., 2013b). The results of the current chapter show that
hoarding is important: the congestion elasticity of computer duration is about 0.61. In the
sensitivity analyses, we will be able to rule out several alternative mechanisms.
The structure of the current chapter is as follows. Section 2.2 discusses the data and
provides descriptive statistics. Section 2.3 presents a conceptual framework and elaborates on
the estimation techniques. Section 2.4 discusses the results. Section 2.5 concludes.

2.2 The data and descriptive statistics
2.2.1 The data and selections
Our log data refer to the economics students' use of university computers located in nine
computer rooms that are all in one building of the VU University, Amsterdam.8 Information
monitors in corridors provide information on the number of vacant computers per room.9 We
8

The Economics Department had 3,874 student registrations for the academic year 2008 – 2009.
Including floor space costs, annual costs are about €1,200 per computer. The computers are used, on
average, 3.5 hours per day, so the costs are about € 1.50 per hour of use. The annual costs per student
are about € 67.
9
The monitors do not contain information on computers that are out-of-order or on future availability
of computers.
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employ computer use data from January 2008 to April 2009. So, we know for each student
which computer is used at what time. For analysing computer hoarding, it is important to
make a distinction between voluntary and involuntary outflow. Involuntary outflow occurs
when a computer room is closed in the late afternoon or evening, forcing students to move to
other rooms. Because we are interested in voluntary outflow, we select data about computer
use before 3 pm.
We make two additional data selections. First, we exclude 105 holidays and
examination days in order to avoid identification based on atypical days. Second, we exclude
students who participate in computer-aided lectures during that day, as for these students, our
identification strategy that relies on exogenous variation in computer supply might be invalid
(these students are likely to flow out in order to use reserved computers during computer
lectures). Given these data selections, we observe computer use by 3,369 students during 206
weekdays. We measure computer use, so inflow and outflow behaviour, per 15-minutes
intervals. In total, we have 412,178 observations over 5,448 intervals.
2.2.2 Descriptive statistics
Table 2.1 provides descriptive statistics on computer use. The average aggregate inflow (per
15 minutes) is 14 users (on average, the aggregate outflow is slightly lower, because at 3pm,
there are still 54 users, on average). The outflow rate per student (per 15 minutes) is 0.150,
corresponding to an average session duration of 100 minutes. The reported occupancy rate
reflects the occupancy of computers available to students (so excluding computers in rooms
that are reserved for lectures).
In total, there are 217 computers. The number of computers that are out of order is
unknown, but, in general, only very few computers are out-of-order, which implies that we
underestimate occupancy rate slightly. For example, we observe maximally 215 (non-
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reserved) computers occupied at the same time, so slightly less than maximum capacity.10 Of
the 217 computers, on average 83 are used by students, 27 are reserved for lectures (and not
available to students) and 107 are vacant. The average occupancy rate per user is 0.622.
Frequently, the occupancy rate is very high. For example, in 30 percent of our observations, it
exceeds 0.80 (see Figure 2.A1). On many days, at least once during a 15-minutes time
interval, occupancy is high. For example, on almost half of the days, the occupancy rate
exceeds 0.90, and in one of five days, it exceeds 0.95.

Table 2.1
Descriptive statistics

Mean

Std. dev.

Min

Max

14
12

10
10

0
0

161
83

0.150

0.357

0

1

Occupied computers by students

83

55

0

215

Reserved computers (instrumental variable)

27

40

0

182

Vacant computers

107

67

0

217

0.622

0.245

0

1

Inflow (aggregate)
Outflow (aggregate)
Outflow rate (per user)

Occupancy rate (non-reserved rooms; per user)
Note: based on 15 minutes time intervals

Students use computers rather infrequently: on average, students use computers on one
out of nine weekdays. However, importantly, multiple use on the same day is common:
conditional on use on a given day, 34 percent of users have multiple sessions (see Table 2.2)
and 11 percent have at least three sessions. These results indicate that additional computer use
later on the same day is important, which makes hoarding behaviour likely when the
occupancy is high.

10

Another reason why we do not observe non-reserved computers being used to their full capacity is
that some computers are usually reserved for lectures. For example, around one o'clock, which is a
peak period, at least one computer room is reserved about half of the time.
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Table 2.2
Daily number of sessions conditional on use
Number of sessions
1
2
3
Frequency (%)
66
22
7
Note: information based on 83,801 computer-use days

4
3

5 or more
1

The occupancy rate fluctuates strongly over the day: it is highest by the end of the
morning and beginning of the afternoon (see Figure 2.A2 in the Appendix).11 The occupancy
rate is strongly autocorrelated: the correlation of the occupancy rate with the rate one hour
later is 0.60 (conditional on hour of the day, week, and day fixed effects). This makes it likely
that students use the current level of occupancy rate to predict future occupancy.
To understand the statistical relationship of the current occupancy rate with the future
rate, we have regressed the occupancy rate on its (one-hour) lag and the square of this lag. It
appears that the coefficients are 0.86 (s.e. 0.03) and -0.23 (s.e. 0.03) respectively. So, the
current occupancy rate has a less than proportional effect on the future occupancy rate.
Furthermore, it thus appears that this effect is concave (this makes sense because the
occupancy rate is less than one and therefore has a finite variance). For example, when the
occupancy rate is 0.62 (the average), the marginal effect is 0.57, and the marginal effect is
0.40 when the occupancy rate reaches 1.
In the introduction we mentioned that many students prefer to sit in groups (so
students may hoard computers even when the occupancy rate of computers is substantially
less than one). To demonstrate this, we have estimated models (for one computer room
containing 30 computers) to show that students with similar characteristics sit together in
computer rooms. For example, we have estimated linear probability models which show that

11

This is in line with Spennemann et al. (2007b).
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the probability that the user is a master student increases by about 0.1 when another master
student is using one of the adjacent computers (either to the left, or to the right). In these
models, we include hour dummies to control for the share of master students per hour. The
results are provided in Table 2.A1. Similar results are obtained if we do not focus on master
students, but on other types of students that are more likely to sit together (e.g., the year
during which the student commenced his/her study, the course in which the student is
registered).

2.3 Conceptual framework and estimation methods
2.3.1 Conceptual framework
Hoarding can be modelled by assuming that utility-maximising individuals use a computer at t
but prefer to stop using the computer until t + s (e.g., to have a break). The occupancy rate at t
is denoted by Xt, where 0 ≤ Xt ≤ 1. The individual decides whether to continue using the
computer (hoarding strategy) or to leave the computer and return later on at t + s, where
s > 0. The cost of entry at t + s, denoted by Ct+ s, are assumed to depend positively on the
occupancy rate at the moment of re-entry, denoted Xt+s. We assume that the occupancy rate Xt
is positively correlated over time, so the expected costs of entry at t + s depend on the
occupancy rate at t. For example, when occupancy follows a random walk, then the expected
cost Ct+s is Ct+s(Xt). When the utility function is additive and has a random component, then
the probability of hoarding at t depends positively on congestion levels, Xt. In the current
chapter, the probability of computer hoarding is determined by the computer outflow rate.
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2.3.2 Estimation methods
We estimate the effect of the occupancy rate on the computer outflow rate, using linear
regression models.12 Here, t refers to a 15 minutes time interval (so, we ignore variation in
occupancy rate within the interval). Our dependent variable, Sit, is a dummy indicator which
equals 1 when the student leaves the computer during the time interval of observation.
In the analysis, we include student fixed effects and room fixed effects (as different
regulations apply in rooms regarding silence). In addition, we control for elapsed computertime (using a flexible 15 minutes interval dummy specification). Moreover, we interact twohours dummies (e.g., 8:00 – 10:00 am) with weekday (e.g., Monday) and study semester (e.g.,
September and October, 2008). In this way, we control for time-varying unobserved aggregate
heterogeneity, including students' course schedules which vary over time in a regular way
(e.g., third-year bachelor students have Public Economics lectures on Wednesday morning in
the fall). We emphasise that it is potentially relevant to control for time-varying aggregate
heterogeneity, because the occupancy rate is an aggregate variable which varies over time.
It is important to instrument for the occupancy rate, Xt. Endogeneity of Xt may be
present in our estimates due to unobserved factors that may affect both Xt and the outflow
rate. In addition, and more importantly, endogeneity may be present because Xt is the result of
outflow behaviour.
As an instrumental variable, we use the number of computers that are reserved for
lectures. The IT department assigns computer rooms based on the number of students that are
expected to participate in a computer lecture (the larger the group size, the bigger the room

12

These models are less efficient than maximum likelihood based models (e.g., hazard models or logit
models), which are cumbersome to estimate given the large number of fixed effects. Given the large
number of observations, efficiency of estimation is not our main concern.
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that will be provided). 13 For logistical reasons, computers have to be reserved much in
advance. This implies that teachers reserve computers irrespective of the anticipated
occupancy rate.
It seems reasonable to assume that there is no direct effect of the number of reserved
computers on the outflow of computer users in the non-reserved rooms. One reason why there
may be a direct effect is that the number computer lectures may be correlated with the number
of other (non-computer) lectures. Given the many time-controls included in the model, we
believe that this potential bias is very unlikely to occur. In addition, we will show in the
sensitivity analyses that including additional time controls hardly changes the results, which
also indicates that this bias is extremely limited. We emphasise that this bias, if present,
would lead to an underestimate of the hoarding effect. Hence, our estimates of the congestion
elasticity of computer duration are on the conservative side.
A second potential concern is that there may be social interaction between students
who just participated in computer lectures with students who use computers in non-reserved
computer rooms. However, in the Faculty of Economics and Business Administration, only a
very small share of lectures takes place in computer rooms. In addition, it is a priori not clear
how this social interaction would affect the computer use durations: some users may leave
earlier when they meet with friends, whereas other students may stay slightly longer. For the
vast majority of students, the duration of computer use would presumably not (or hardly) be
affected. Hence, this social interaction bias is unlikely to influence our results much.
A third potential concern with the use of the number of reserved computers as an
instrument, which is not applicable in our present study, is that students may have atypical

13

The smallest room has a capacity of 10 computers and the largest room has a capacity of 60 computers. It is
not possible to reserve computer rooms partially. In some occasions, one teacher may reserve multiple computer
rooms simultaneously, but this is usually considered impractical by teaching staff.
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computer use durations before and after computer lectures. We rule out this concern, because
we have excluded students who participate in computer lectures (see Section 2.1).
We will assume that the occupancy rate, Xticr, is linearly related to the outflow
probability, Sit. A working paper version of this chapter applies semi-parametric modelling to
show that this linearity assumption is reasonable (Kobus et al., 2013b). Let ηt denote fixed
effects of interactions between two-hours dummies, weekday and study semester, θi captures
student fixed effects, κc and λr denote elapsed computer duration and room fixed effects. The
model we will estimate is then:

Sticr = βXticr + ηt + θi + κc + λr + εticr ,

(2.1)

where β is the parameter of interest and εticr denotes an error term.
A potential objection to (2.1) is that, due to a queuing mechanism, students who flow
in during moments of peak occupancy may have a high computer need, which may in turn be
positively correlated with computer use durations (and therefore a lower quitting probability).
To avoid this potential endogeneity problem, we control for the occupancy rate during the
moment of login, denoted X0icr. So, we include the terms βXticr and ζ X0icr, where β and ζ are
coefficients to be estimated. This specification is identical to a specification with
γXticr + δ[X0icr - Xticr], where β = γ - δ. We continue to assume that X0icr is endogenous, but we
assume that the term [X0icr - Xticr] is exogenous, which seems a reasonable assumption because
the computer outflow rate at t is unlikely to depend on the change in Xticr over time.
So, in addition to (2.1), we estimate the following equation:

Sticr = γXticr + δ[X0icr – Xticr] + ηt + θi + κc + λr + εticr,

(2.2)
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where γ and δ are estimated directly in the regression equation, and β = γ - δ is the parameter
of interest.

2.4 The empirical results
2.4.1 Main results
Table 2.4 reports the effect of current occupancy, Xt, on the probability that a user flows out
(during a 15-minutes interval) for several specifications.14 We emphasise that the instrument,
the number of reserved computers, is strong. 15
In column [1], we show the results of a specification where we control for student
fixed effects, as well as two-hours dummies interacted with weekday and study semester. The
effect is -0.1364 (with a standard error of 0.0143). In column [2],we also control for elapsed
computer time and room fixed effects. The effect is now somewhat smaller: the effect is now
-0.1095 (s.e. 0.0117). In column [3], we also include [X0 - Xt], so we control for the
occupancy rate at the time of login, X0. We emphasise that we are now interested in the
overall effect of current occupancy rate, Xt, reported at the bottom of the table. The effect is
now -0.0921 (s.e. 0.0100), so only slightly lower than the previous specifications. These
results also hold when we exclude observations when the occupancy rate is small. For
example, column [4] shows that excluding observations when the occupancy rate is less than
30 percent, the results hardly change.

14

For convenience, we refer now to Xticr as Xt and X0icr as X0.
An F-test of the strength of the instrument indicates that the F-value is 503, so far above the
minimum of 10 usually recommended. The first stage coefficient of Xt is positive and is equal to
0.002014 (s.e. 0.000001).

15

Computer hoarding

Table 2.3
Outflow probability
Data selection
Xt, occupancy rate
X0 - Xt, occupancy rate difference
Two hours interval fixed effects (180)
Student fixed effects (3,335)
Elapsed computer time dummies (28)
Room dummies (9)
Number of observations
Overall effect of Xt

[1]
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[2]

[3]

[4]
Xt > 0.3
-0.1364*** -0.1095*** -0.1216*** -0.0918***
(0.0143)
(0.0117)
(0.0134)
(0.0177)
-0.0294*** -0.0107*
(0.0061)
(0.0064)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
No
Yes
Yes
Yes
412,178
412,178
412,178
362,288
-0.1364*** -0.1095*** -0.0921*** -0.0811***
(0.0136)
(0.0143)
(0.0117)
(0.0100)

Notes:
1) standard errors between parentheses
2) *** p<0.01; * p<0.1

The results of Table 2.3 imply that users are less likely to leave their computers during
moments when congestion is high. To be more precise, our estimates imply that a 10 percent
increase in occupancy decreases the outflow probability by roughly one percent point, thus by
about 6.1 percent of the mean outflow rate. This implies that the congestion elasticity of
computer use duration is about 0.61. This rather strong effect is not entirely unexpected,
because there is much anecdotal evidence on hoarding of university computers (Straathof,
2011).
Table 2.3 aims to illustrate that, when congestion is high, many users do not want to let go
of their computer.16 It is important to bear in mind that Table 2.3 does not intend to estimate
an increase in daily computer use. Suppose, for example, that a computer user prefers to have
a lunch break until time t + s1, and then prefers to use a computer again until t + s2. When this
individual hoards a computer during lunch time, then the spell increase would be equal to s2 –
16

There may also be a slight positive effect, when congested rooms are considered less comfortable, so hoarding
is underestimated. High occupancy may also be thought to cause the internet to run slower (which may increase
or decrease the outflow probability). This second effect is likely negligible, because the university internet
connection is equipped for a much larger group than economics students.
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t, whereas the increase in daily use would be smaller and equal to s1 – t. To test whether
hoarding also leads to an increase in daily demand for computer use, we have repeated
specification [3] while using as dependent variable a dummy which equals one when the user
logs off and does not use a computer again later that day (until 3 pm). The resulting
coefficient is highly statistically significant and equal to -0.0441 (s.e. 0.0074), which indicates
that students also increase their daily duration of use due to hoarding. 17 The implied
congestion elasticity of daily (before 3 pm) computer use duration is equal to 0.50. Hence,
there is also a strong effect on total computer demand.
We emphasise that an increase in daily duration of use is not a necessary condition for
inefficiencies to occur. Suppose, for example, that the individual in the above example would
hoard by skipping lunch, but uses the computer for the same duration as initially planned.
That is, the individual uses the computer from time t until time t + s2 – (s1 – t). This behaviour
would also lead to welfare losses, because by hoarding, the individual has shifted use from the
interval [t + s2 – (s1 – t), t + s2] to [t, t + s2], so to the high-occupancy interval. Given that the
current occupancy rate has a less than proportional effect on the future occupancy rate (see
Section 2.2.2.), the expected occupancy rate for the interval [t + s2 – (s1 – t), t + s2] is lower
than the occupancy rate during [t, t + s2]. Hoarding is therefore likely to cause inefficiencies,
because current users cause congestion externalities during peak times, even though they have
a low demand for the good at that moment.

17

When we also include observations after 3 pm, we find an even stronger coefficient of -0.0648 (s.e. 0.0090),
but this coefficient may be biased due to the closing of computer rooms in the late afternoon.

Computer hoarding
4.4.2

Sensitivity analyses

One point of concern is that computer congestion may impede students to move to more
favourable computers (e.g., less noisy). This ‘undesirable computer’ effect could be an
alternative explanation for our findings.18 To test for this, we have re-estimated the model on
a sample which excludes 35,000 observations of computer users who use two different
computers within a short time period (either in the same room within 5 minutes or another
room within 10 minutes). We then obtain an almost identical effect of -0.0847 (s.e. 0.012).19
Another point of concern with our identification strategy may be that our instrumental
variable, the number of computers that are reserved for computer lectures, may be correlated
with the number of other lectures. Our exclusion restriction may then be invalid, because
users may log off to attend lectures. We are not too concerned about this because the bias
would likely lead to an underestimate of hoarding. More importantly, the bias must be
minimal, because we include many time dummies which control for regular time patterns in
congestion. Nevertheless, we have tested for this by estimating the model with even more
controls (in particular, week and year combination dummies, e.g. week 1 in 2008), and
without time controls, but the results hardly change (i.e., -0.1094, s.e. 0.0107 and -0.1163, s.e.
0.0093, respectively). This strongly suggests this bias is extremely limited.

2.5. Conclusion
We have argued that for certain types of goods, congestion may induce current users to
lengthen their use duration, to reserve a place for later. We have tested for hoarding of
university computers by students. We have shown that computer occupancy rates have a
18

A priori, one expects the alternative explanation not to be of importance, in particularly because we
have included computer rooms fixed effects, so the undesirable computer effect mainly applies to
within-room variation of computers.
19
When we exclude 22,837 observations of students who conducted resets (i.e. logged on to the same
computer within 5 minutes of the last logoff), we find that the effect is -0.0886 (s.e. 0.0104).
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strong and positive effect on computer use duration. In particular, our results show that the
congestion elasticity of computer duration is about 0.61. This result appears to be mainly
driven by hoarding behaviour. Hoarding behaviour presumably leads to considerable welfare
losses, because current users with a low (or zero) demand overconsume the good, at the
expense of potential new users with a higher demand. We are interested to see more research
on hoarding of other goods where this behaviour is to be expected, for example, parking
places (Shoup, 2005, p. 443) and landing slots at airports (Doganis, 2002).
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Table 2.A1
Probability that computer user is a master student
User of adjacent left pc is a master student
User of adjacent right pc is a master student
User two pc’s to left is a master student
User two pc’s to right is a master student
Hour dummies (1,500)
Number of observations
Notes:
1) standard errors between parentheses
2) *** p < 0.01, * p < 0.1

0.109***
(0.015)
0.082***
(0.015)
-0.013
(0.014)
-0.013
(0.015)
yes
4,821

Chapter 3

THE ON-STREET PARKING PREMIUM AND
CAR DRIVERS’ CHOICE BETWEEN STREET
AND GARAGE PARKING20

3.1 Introduction
Pricing of street parking has come to the fore in the economic literature since the seminal
paper by Vickrey (1954). One of the main results is that cruising is seen as an inherent
welfare loss for society, which should be eliminated by an adequate pricing policy (Arnott and
Inci, 2006; Shoup, 2005).21 It is suggested that when street and garage parking are perfect

20

This chapter is based on a paper which has appeared in Regional Science and Urban Economics
(Kobus et al., 2013a). We would like to thank the municipality of Almere and Spark, and in particular
Ernst Bos and Rob Ebbing, for providing access to parking transaction data. We thank two anonymous
referees and participants of the ERSA, SERC and NARSC 2012 conferences for valuable comments.
21
Anderson and de Palma (2004) show that when drivers have imperfect information about parking
vacancies, on-street parking prices should not completely eliminate cruising.
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substitutes and the garage parking market is perfectly competitive, street prices must equal
garage prices in order to eliminate cruising (Calthrop, 2001; Calthrop and Proost, 2006).22
In reality however street and garage parking are not perfect substitutes, because of
spatial differences in supply, as emphasised by Arnott and Rowse (2009a). For instance, in
centres of Dutch cities, shops and street parking are usually ubiquitous, whereas garage
parking is discretely supplied over space due to economies of scale (e.g., Arnott, 2006). In
this case, one expects that shoppers prefer street parking as it is, on average, closer to their
final destination. 23 So, given equal prices for street and garage parking (and no spatial
variation in parking prices), cruising for parking may still occur.24
The theoretical economics of parking literature analyses the drivers' choice on where
to park, the choice between street and garage parking and the distortionary effects of
nonoptimal pricing (e.g., Arnott et al., 1991; Arnott et al., 2012). However, we are not aware
of any empirical study which estimates the effect of street prices on drivers' choice between
street and garage parking.25 As a result, we currently have little knowledge to what extent
differences between street and garage parking prices affect this parking choice.
In the current paper, we aim to contribute to the literature on the effect of street
parking prices on welfare.26 To this end, we introduce an easy-to-implement methodology to

22

Given on-street cruising, commercial garage parking operators may have monopolistic power
(Arnott, 2006). This may explain why in many cities around the world, the commercial garage parking
market is regulated.
23
Although this description of a shopping area is standard for the Netherlands (and many other
European countries), it is different in other parts of the world. In Asia, for example, street parking in
urban areas is rare (ADB, 2010). In the US, garages are usually integrated into shopping malls (Hasker
and Inci, 2011), so street parking is on average farther away from drivers’ final destinations.
24
This effect may even be stronger when garage parking requires additional driving and walking time
within the building.
25
Revealed preference studies on parking include Gillen (1978), Kelly and Clinch (2006), Van der
Goot (1981), Van Ommeren et al. (2011) and Van Ommeren and Wentink (2012). For stated
preference studies, we refer to Axhausen and Polak (1991), Golias et al. (2002), and Hensher and King
(2001).
26
Welfare can be improved even more by varying prices according to demand (see, Van Ommeren
and Russo, 2012). Recently, a dynamic street pricing scheme has been introduced in San Francisco,

The on-street parking premium
estimate drivers’ willingness to pay for street parking (relative to garage parking). We
implement this methodology using information from administrative data about parking
durations for one particular city in the Netherlands. The kind of administrative data used in
the current study is widely available in many cities around the world (see, e.g., Kelly and
Clinch, 2009). So, one of the advantages of our methodology is that it can easily be applied to
other cities.
In essence, in our methodology we make use of differences in prices between street
parking and garage parking per time unit. We are able to identify the effect of prices on the
choice between street and garage parking using information on driver parking durations. Our
key identifying assumption is that the driver's marginal benefit of duration does not depend on
this parking choice. So, parking choice is a function of parking duration, because drivers face
different pricing schemes for garage and street parking. Because the duration of parking is
self-chosen, its endogeneity will be taken into account in the estimation procedure.
We apply our methodology to the choice between street and garage parking in the city
of Almere in the Netherlands (located about 20 km east of Amsterdam). We apply the
methodology to an area where cruising for parking is absent, street parking is ubiquitous and
garage parking is discretely located over space. So, in this area, the average distance to the
final destination is longer for garage parking than for street parking. We find that drivers are
willing to pay a premium for street parking which ranges from € 0.37 to € 0.60. For a parking
duration of one hour, we find that the demand for street parking is price elastic, but less so for
shorter parking durations. Our estimates imply that a policy which contains a street parking
premium is welfare improving, because drivers with longer parking durations are induced to

which is unique in the world. Such a scheme may vary street prices optimally over space. The current
study focuses on a second-best alternative more typically found when, due to political or technical
feasibility, policy makers set spatially uniform on-street prices.
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use parking locations that are on average farther away, so the average walking distance is
reduced.
The structure of the current chapter is as follows. Section 3.2 presents a choice model
for individual drivers and an empirical approach to estimate the effect of prices on choice
between street and garage parking. Section 3.3 provides information on the institutional
context and the data, including descriptive statistics. Section 3.4 presents the empirical results.
Section 3.5 is a sensitivity analysis, and section 3.6 concludes.

3.2 Theoretical model and estimation procedure
3.2.1 Theoretical model on parking choice
We focus on a driver who chooses between street and garage parking. The (indirect) utility Ui
for parking choice of the driver is defined by:

Ui = U(pi(di), di, αi, εi),

(3.1)

where i = s,g defines street or garage parking and U is a function. Here, pi denotes the price of
parking, di denotes the parking duration and αi is an unknown parameter which measures the
type-specific benefits (or costs).27 In particular, αi captures the walking time to the driver’s
final destination, which usually differs between street and garage parking locations.28 The
error term εi is a stochastic and unobserved component. Note that in (3.1), the price of parking
depends on the duration of parking, so pi = pi(di). We assume for now that the duration is
27

Uncertainty about the duration of parking may also influence the choice between street and garage
parking. We come back to this at the end of this section.
28
This interpretation is consistent with Golias et al. (2002) who report that all determinants for the
choice between street and garage parking are related to monetary parking costs and time-savings,
whereas other determinants are not found to be statistically significant. There are however likely also
other, less important, reasons why drivers may have a preference for either parking type. For example,
drivers may prefer garage parking, because it allows paying afterwards, or because of safety issues.
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exogenous, so ds = dg = d. Importantly, the endogeneity of duration will be acknowledged in
the empirical analysis. We put standard restrictions on the functional form of U. We will
assume that U is an additively separable function, so we rewrite U as:

Ui = αi + βpi(d) + g(d) + εi,

(3.2)

where g(d) is an arbitrary function and ε has expectation zero. In this specification, β captures
the (negative) effect of the parking price, and g(d) captures the benefits of parking duration.
Note that g(d) does not depend on i. So, the marginal benefits of parking duration are
independent of the choice between street and garage parking.29 The driver will choose street
parking when Us ≥ Ug.30 So, the probability of street parking, Ps, can be written by:

Ps = Prob(αs – αg + β[ps(d) – pg(d)] + εs – εg > 0).

(3.3)

The parameters of interest, αs – αg and β, can be estimated given assumptions on the
distribution of ε (i.e., a normal distribution). So, (3.3) can be rewritten as:

Ps = Prob (α + β[ps(d) – pg(d)]+ ε > 0),

29

(3.4)

This assumption seems reasonable in our context where safety issues (i.e., car theft or damage) do
not play a role, because the marginal benefit of parking duration is then parking choice specific.
30
This is a common assumption, but may not hold if drivers are not well-informed about parking fees
or about the presence of different types of parking. For shoppers (in contrast to the tourists) the
assumption seems reasonable because parking fees and locations of parking are likely common
knowledge.
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where α = αs – αg measures the benefits of street parking (relative to garage parking) and ε =
εs – εg.31 In our application, it appears that ps and pg are both proportional to d (up to a certain
maximum). In this case, (3.4) can be rewritten as:

Ps = Prob (α + βdD + ε > 0),

(3.5)

where ps(d) – pg(d) = Dd, and where D denotes the price difference between street and garage
parking per unit of time. For the driver, D is given, so one may rewrite (3.5) as:

Ps = Prob (α + θd + ε > 0),

(3.6)

where θ = βD captures the effect of price differences between garage and street parking. So,
given information on parking duration and choices made by individual drivers, one can
estimate α and θ. The driver is indifferent between street and garage parking when the
duration d* = –α / θ. We will refer to d* as the ‘marginal parking duration’.32
By ‘willingness to pay for street parking’, WTPs, we refer to the monetary value that
the driver attaches to parking on-street, compared to the alternative of garage parking.33 It is
defined here as the ratio of the difference in utility between street and utility of garage parking
and the (minus) marginal utility of the price of (street or garage) parking, where it is noted
that ∂Us(d)/∂ps(d)=∂Us(d)/∂pg(d). So, it can be written as [Us(d) – Ug(d)]/[ –∂Us(d)/∂ps(d)].
Given (3.2), it can be written as:
31

Note that (3.4) can be easily generalized. It may for example be the case that α is weather specific.
So, in the empirical analysis we will control for weather conditions. It may also be the case that α and
β depend on the type of activity at the destination, which differ with the time of parking. So, we will
estimate different models for different hours and days (see the sensitivity analysis).
32
When the distribution of ε is symmetric (which is true for the normal distribution), then it holds that
Prob(ε > 0) = 0.5. When Ps = Pg = 0.5, the driver is indifferent based on observable utility where to
park.
33
So, WTPs is equal to the tariff difference at the marginal parking duration.
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(3.7)

Hence, the willingness to pay for street parking can be derived given estimates of α and β.
We have ignored above that some drivers may have uncertainty about the length of the
parking duration. This will create a measurement error, as we measure the actual duration,
which will be addressed by an instrumental variables approach in the estimation procedure
(see section 3.2.2). However, it will also affect the choice between street and garage parking
systematically, because during the period of observation for our data one had to pay upfront
for street parking.34 In general, the more uncertainty about the length of the parking duration,
the less attractive is street parking. Consequently, our estimates of α may be downward
biased, in principle.
In the above model, cruising for street parking (either systematically or on a street-bystreet fashion, see, e.g., Martens et al., 2010) would lead to reduced benefits of street parking.
So, α including cruising costs will be reduced (and our estimates of α net of cruising costs will
be downward biased). Hence, one of the predictions is that the marginal parking duration d*
will be less in circumstances where cruising for street parking occurs. Note however that the
latter situation is less relevant for quiet cities such as Almere where cruising is generally
absent. Besides we focus on weekdays when the parking conditions are easy; on Saturdays
some cruising may occur. This is explored in the sensitivity analyses (section 3.5).
3.2.2 Estimation procedure
We will use probit models to estimate α and β. There are several reasons to expect that
duration is endogenous. First, we have two reversed causation arguments. When garage
parking entails, on average, a longer walking distance to the final destination (e.g., a shop), a
34

In most locations in the Netherlands, also in Almere, it is nowadays possible to pay with your
mobile phone electronically for the cost of street parking, and to pay for the exact parking duration at a
cost of €0.15 per transaction.
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driver will park longer in a garage, ceteris paribus. In addition, when parking duration is
elastic with regard to price, drivers will decrease their duration when street parking (which is
more expensive in the current application). Both reasons suggest that ignoring endogeneity
will induce a negative bias of the estimated price effect on the probability of street parking.35
However, other considerations, which are likely more important, suggest the opposite
bias. Drivers who park in garages have to pay afterwards, so in this case we observe the
actual parking duration, which may differ from the intended parking duration due to
uncertainty about the length of the visit the shop. The difference between actual and intended
parking duration is important, because drivers choose the parking type based on the intended
duration. When the difference between intended and actual duration is random, which seems
plausible, we get a standard measurement error bias argument, so ignoring endogeneity will
induce a bias towards zero. Furthermore, in many cities (including the city we focus on),
parking machines accept coins but do not return any, which creates errors in payment. So, for
street parking, drivers may pay for a longer duration than intended. In addition, for street
parking, one has to pay upfront, so given uncertainty about the visit length to the shop, it may
also occur that the same driver pays for a certain duration (e.g., 40 minutes) and later on
decides to extend the shop visit, returns to the parking machine and pays again for another
duration (e.g., 20 minutes). In this case, one driver is observed twice and in our data we
observe two parking durations rather than the total duration (e.g., 60 minutes).
We deal with these endogeneity issues by using an IV approach. As an instrument, we
use the average duration of other drivers in both street and garage parking in the whole area at

35

It is plausible however that the bias will be rather small in our context. The additional walking time
to the garages is small compared to the average difference between street and garage durations.
Second, it is usually reported that the parking duration is rather inelastic with respect to price (e.g.,
Feeney, 1989). If we assume an elasticity of -0.3, then a 30% difference between street and garage
parking prices per unit of time, as observed in our data, may only explain a 10% difference in parking
duration.
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the time of parking. 36 This instrument not only solves the reversed causality bias, it also
addresses measurement issues of duration. This instrument will be valid when car drivers are
homogeneous and, at the same time, differ in their demand for parking duration over time.
This assumption likely holds, because the large majority of car drivers are shoppers, and are
therefore a fairly homogeneous group, and at the same time durations differ due to different
shopping activities. In addition, even given the same shopping activity (e.g., grocery
shopping), shopping durations likely increase with crowding in stores, resulting in longer
parking durations.37

3.3 The institutional environment and data
3.3.1. Institutional environment
We focus on the city of Almere, the Netherlands. This city has about 200,000 inhabitants.
Almere is a rather young city: it has been built, starting in the 70s, on land gained from the
sea. Nowadays, Almere is the fastest growing city in the Netherlands. Its urban structure
deviates from most European cities that have historic centres and resembles the stylized
monocentric structure of cities often described in urban economics textbooks. Shopping (and
nearby parking) are concentrated in the Central Business District (CBD).38 There is no nonpaid parking for visitors within walking distance from the CBD. The residential area is again
surrounded by a rural industrial activity area, which is too far to walk from the CBD.
Although the CBD contains one of the largest concentration of shops in the Netherlands, it is
rather small in terms of geographical size (i.e., slightly smaller than 3 square kilometres).

36

To be precise, we use the average duration over a 60-minutes time interval.
We have tested for this empirically. Our regression results indicate that a higher total (street and
garage) parking inflow is associated with longer parking durations, so it seems that crowding of stores
are associated with longer parking durations.
38
There is also to some extent privately-owned off-street parking, particularly for commuters, but
shoppers have no access to this.
37
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Because Almere has no historic centre, it is not attractive for tourists, which makes it
likely that most drivers regularly visit Almere, and are therefore well-informed about its
parking locations and pricing policy. The local government has fully regulated street and
garage parking. Within the CBD, there is no spatial variation in parking prices. Street parking
is 33 percent more expensive than garage parking, so there is a premium for street parking
(see Table 3.A1). There is excess supply of both street and garage parking at most times of the
day (given current prices), except for peak hours on Saturdays which we exclude from our
analysis.39 As a result, there is essentially no cruising for street parking (in line with a recent
study for other Dutch cities, see Van Ommeren et al., 2012). Therefore, it is reasonable to
assume that drivers usually park at their preferred location. Both for street and garage parking,
there are no parking time limits, car drivers may choose any parking time (in well-defined
intervals) and there are no feeding restrictions of the payment machines. In Almere (and other
cities in the Netherlands), each street parking location has a number of parking machines
(which accept coins and electronic payments). The parking machines provide paper parking
tickets, which car drivers have to put in their car behind the front windshield.
In our application, we focus on a part of the CBD where shops and street parking are
ubiquitous (most shopping streets have street parking). 40 The area contains six garage
parkings that are discretely located over space. Three of these garage parkings are within 100
meters of each other, so there are essentially only four distinct garage locations. The distance

39

Although capacity is not binding most of the time, it may be the case that peak demand is
sufficiently high such that the marginal benefit from expanding capacity is exactly equal to the
marginal cost of the expansion, so capacity is optimal.
40
In principle there may be border effects by choosing this area, but we have chosen the areas in such
a way that these effects will be relatively limited. Note however that in principle, the fact that the
chosen area has a border does not create a fundamental problem, because we do not analyze the
chosen parking location. More importantly, within the chosen area it must be the case that garage
parking is, on average, farther from shops than street parking.
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between these garage locations is about 500 meters. A map of the relevant part of the CBD
indicating these six garage locations is provided in Figure 3.A1.
3.3.2 The Data
We employ information on all paid parking transactions during shopping hours (9am to 6pm)
that took place in the Almere CBD in 2009.41 We have information on: (a) the time of inflow,
(b) the price paid and (c) parking location. Based on the price paid, we calculated the implied
parking duration.
We make several data selections. First, we exclude Sundays and Holidays (e.g.,
Christmas), which are non-paid days. Second, we are interested in parking choices when
garage and street parkings are not full, so when the observed parking choice is generally the
preferred option (conditional on price and location). So, we exclude Saturdays, when garages
are more likely to be full, and focus on weekdays only.42 Third, to ensure that drivers pay for
the full duration of parking, we select drivers who park between 9am and 4pm with durations
up to 120 minutes (parking is usually free after 6 pm).43 Fourth, we exclude parking locations
where garage parking is usually closer to potential destinations than street parking (these
locations are not on the map in Figure 3.A1). Hence, we exclude parkings near a shoppingmall and hospital with integrated garages (and only very few street parking).44 Fifth, in order
to avoid outliers in our instrument, we have excluded hours at which extremely few people
park, that is, we have excluded hours with less than 20 observations. Given these selections,

41

We do not have information on drivers with on-street parking permits and we exclude drivers with
season tickets in garages.
42
During the period of observation, parking supply has been constant. This is important to emphasise
because changes in local supply of parking are not uncommon in many cities and are usually difficult
to measure.
43
Another advantage of focusing on parking durations up to 120 minutes is that we do not have to
worry that the estimated coefficients are mainly determined by relatively few observations of
extremely long street parking durations (only 4 percent of street parking is for longer than 120
minutes). In the sensitivity analysis, we show that our results are robust if we also include longer
parking durations.
44
In these zones, garage parking is the preferred option for (most) drivers (i.e., cheaper and closer by).
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we have information on 475,753 parking transactions over 258 days. In the area we focus on,
there are 3,526 parking spaces of which 2,232 are in a garage and 1,294 are on-street (a share
of 37 percent).
Street and garage parking fees are regulated by the local government. For street
parking, we observe parking durations in intervals of 20 minutes, whereas for garage parking
the interval is 19 minutes. 45 For convenience, we assume that drivers park the maximum
duration within the interval. 46 Conditional on the above selections, the average parking
duration is 50 minutes and 43 percent of drivers park on-street. For the first 120 minutes of
parking, garage prices are € 0.50 per 19 minutes and street prices are € 0.70 per 20 minutes,
so street parking is 33 percent more expensive.47
In our data, the share of street parking strongly falls with duration. As shown in Table
3.1, 55 percent of drivers with a duration shorter than 41 minutes park on-street. However, of
drivers with a duration longer than 120 minutes, only 9 percent park on-street. Table 3.1
furthermore provides duration frequencies. It illustrates, for example, that 47 percent of
drivers park shorter than 41 minutes. For those who park on-street, this is even 69 percent. As
emphasised above, it also shows that of the drivers who park on-street, only 4 percent park
longer than 120 minutes. Of drivers who park in garages, 24 percent park longer than 120
minutes.

45

It is interesting to note that the price for street parking depends on 19 minutes intervals. It is quite
common in the Netherlands to see rather odd time intervals (e.g., 57 minutes) when machines accept
coins (and not only electronic payments). For machines that accept coins, prices may be increased by a
few percent (e.g,. with inflation) by reducing the time interval, without increasing the transaction costs
(e.g., a payment of €1.01 has much higher transaction costs than €1).
46
A sensitivity test using the mean duration within the interval (rather than the maximum) generates
essentially identical results, except that d* becomes half an interval shorter (about 10 minutes).
47
After two hours of parking, the marginal price of garage parking is zero up to 4 hours of parking, so
street parking is relatively more expensive for durations between 120 and 240 minutes. For the first 10
minutes of parking, garage parking is free. We will come back to this complication in the sensitivity
analysis. See Table 3.A1 for a schematic overview of the pricing schemes.
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Table 3.1
Descriptive Variables
Duration

< 41 minutes

41-80 minutes

81-120 minutes

≥ 121 minutes

Total

0.55

0.32

0.21

0.09

0.43

Total

0.47

0.24

0.13

0.16

1.00

Street

0.69

0.20

0.07

0.04

1.00

Garage

0.34

0.26

0.16

0.24

1.00

Share street parking
Frequencies

Notes:
1) the top panel shows the share of street parking for different duration categories
2) the bottom panel shows the frequency of the duration categories

One complication is that during the period of observation, parking machines did not
give change in return, so payments that are not multiples of exactly € 0.70 imply excess
payment. In our data, 66 percent of street parking transactions incur excess payment. The
average excess payment is € 0.23 (which is non-negligible, as it amounts to about 14 percent
of the average payment on-street). When drivers are aware of this excess payment, this may
be seen as an additional anticipated transaction cost for street parking. However, it seems
likely that the excess payment is higher for drivers who park for the first time and who are not
aware of this. So, the average excess payment is likely a maximum of the anticipated
transaction costs for street parking. For garage parking, machines do return change, so there is
hardly any excess payment (more than 99.9 percent of drivers pay in multiples of € 0.50).

3.4 Empirical Results
3.4.1 Main results
We have estimated several probit models on the choice between street and garage parking.
We focus on the effect of parking duration, captured by θ. We control for heterogeneity in
demand by including five day-of-the-week dummies (i.e., Monday, ... , Friday), 52 week
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dummies and 27 time of the day dummies (measured in quarters of an hour). Furthermore, we
control for weather conditions by including 7 temperature Celsius interval dummies (< 0, 0-5,
... , 20-25, > 25) and a dummy variable which indicates whether precipitation has occurred. In
addition, to control for snowfall, we include a dummy which is constructed by interacting
temperatures below 2 degrees Celsius with precipitation.48 Our instrument (i.e., the average
parking duration of other drivers, on-street and in garages) appears to be strong (the F-test is
821, so far above the minimum of 10 usually recommended).49
Table 3.2 reports the estimated effect of parking duration in minutes, θ, on the
probability that a driver parks on-street (rather than in a garage) for several specifications. It
also reports the mean α which is the intercept α given the mean values of the control
variables. In column [1], we show the results of a standard probit specification where we only
include duration d (not instrumented, no control variables). The coefficient θ is equal to
-0.0115 (s.e., 0.0001) and α is equal to 0.4017 (s.e., 0.0037).50 When we control for weather
conditions (see [2]) and when we also include time-, day-, and week dummies (see [3]), these
results hardly change.51 In column [4], d has been instrumented. This results in a value of θ
equal to -0.0215 (s.e. 0.0012), which demonstrates that θ is biased towards zero when
duration is not instrumented. The estimated value of α in column [4] is also considerably

48

When it rains, car drivers are thought to prefer to park in a garage rather than on-street, because in a
garage one may leave the car without getting wet. Weather may also influence parking durations, for
example in the event that people who go shopping go home earlier when it rains. Not taking these
weather influences into account may therefore potentially result in an omitted variable bias. Weather
data are obtained via the Royal Netherlands Meteorological Institute (KNMI).
49
This instrument follows almost exactly a normal distribution with a mean of 50.41 and a standard
deviation of 3.69 (1,784 unique hourly observations).
50
As a robustness check we have also bootstrapped the standard errors of the estimates [1-4]. This
generates almost identical standard errors.
51
As an aside, we find that cold weather and rain increase the probability of garage parking. Both
effects are significant at the 99 percent level in all specifications. So, it appears that drivers use
garages for shelter against bad weather. This makes sense, particularly because most shopping streets
also provide shelter against bad weather, so many drivers who park in garages can get to the stores
without getting very wet. The street parkings on the other hand do not have shelter. The effect of snow
is not significant in specifications [3] and [4].
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higher and is equal to 0.9149. The latter IV estimate is our preferred estimate. Henceforth, we
focus on the implications of this estimate.

Table 3.2
Probability of street parking
[1]
Probit

[2]
Probit

[3]
Probit

[4]
IV probit

Number of observations

-0.0115***
(0.0001)
No
No
No
No
0.4017***
(0.0037)
475,753

-0.0115***
(0.0001)
No
No
No
Yes
0.4014***
(0.0037)
475,753

-0.0114***
(0.0001)
Yes
Yes
Yes
Yes
0.3960***
(0.0037)
475,753

-0.0215***
(0.0012)
Yes
Yes
Yes
Yes
0.9149***
(0.0621)
475,753

Level of d (minutes)
5
30
60
90
120

Probability
0.6347
0.5226
0.3866
0.2633
0.1640

0.6345
0.5225
0.3864
0.2632
0.1639

0.6327
0.5215
0.3867
0.2643
0.1655

0.7903
0.6064
0.3538
0.1538
0.0479

Level of d (minutes)
5
60
120

Marginal effect of d
-0.0043
-0.0043
-0.0044
-0.0044
-0.0028
-0.0028

-0.0043
-0.0044
-0.0028

-0.0062
-0.0080
-0.0021

Marginal parking duration d*

34.92***
(0.18)

34.72***
(0.18)

42.52***
(0.55)

Duration in minutes, θ
Time dummies (27)
Day dummies (5)
Week dummies (52)
Weather dummies (9)
α

34.91 ***
(0.18)

Notes:
1) α has been calculated for the mean value of control dummies
2) *** p<0.001

The implied probability that an individual parks on-street is reported in the same table
for different parking durations. The probability of street parking is 0.79 given a duration of 5
minutes, but is reduced to merely 0.05 given a duration of 120 minutes. It appears that drivers
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are indifferent given a marginal parking duration of 43 minutes (s.e., 0.55 minutes).52 The
implied marginal effect of parking duration (in minutes) on the choice for street parking is
about -0.006 during the first half an hour, and -0.002 for longer parking durations. At a
duration of one hour, the marginal effect of duration is equal to -0.008.
Based on Table 3.2, it is straightforward to derive elasticities for the street and garage
parking shares. For example, at a duration of 60 minutes the probability of street parking is
equal to 0.354 and the marginal effect of duration is equal to -0.008 (see specification [4]).
The cost of street parking is then € 2.10, the costs of garage parking € 1.50, and the marginal
per minute cost difference is then equal to €0.0087. So, given a duration of 60 minutes, the
price elasticity of the street parking share is equal to -5.5, and the price elasticity of the
garage parking share is equal to -2.2. This implies that the demand for both street and garage
parking are very elastic given the presence of the other parking type in the area, which makes
sense as both parking types are close substitutes. Our estimates also imply that the elasticity is
much smaller for short durations. For example, given a parking duration of 20 minutes, the
price elasticity of the street parking share is only -0.9 (and -1.5 for garage parking).53
We believe this is an obvious but important insight: drivers with short parking
durations are willing to pay a high premium for more preferred parking places, but drivers
with long durations much less so. We find it likely that this finding is generally true, although
the type of parking places for which drivers may be willing to pay a premium will depend on
the city. Although it appears that in Almere drivers have a preference for street parking, in

52

The standard error of d* is calculated using the delta method. Note that a linear instrumental
variable regression renders an almost identical result (i.e., a marginal parking duration of 42.56 with
s.e. 0.55).
53
The cross-elasticity for the garage parking share with respect to the street parking price is 3.0 given
a duration of 60 minutes, and 1.9 given a duration of 20 minutes. The cross-elasticity for the street
parking share is 3.9 given a duration of 60 minutes, and 0.6 given a duration of 20 minutes.
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cities where street parking prices are low and the market is cleared by cruising, typical to for
example the US, drivers may prefer to park in garages (e.g., Arnott and Inci, 2006).
In this context, behaviour of commercial parking operators have been studied under
the assumption that they have local monopolistic power (Arnott, 2006; Arnott and Rowse,
2009a). In general, monopolistic markup rules indicate that the ratio between the operator's
profit margin and garage parking price is inversely proportional to the price elasticity of
demand. So, when the demand for garage parking is elastic, commercial parking operators
have less pricing power. Because our results imply that the demand for parking is rather
inelastic for short parking durations, it seems plausible that commercial parking operators
would have substantial pricing power for drivers with short parking durations. This is
particularly relevant because short durations are common.54
Using equation (3.7), the willingness to pay a premium for street parking is € 0.37 (with a
standard error of 0.005). However, (3.7) ignores the earlier noted complication of excess
payment for street parking, as curb meters do not return change. Given the mean excess
payment of € 0.23 for street parking, the drivers’ willingness to pay a premium for street
parking may be as high as € 0.60 (i.e., € 0.37 + € 0.23). It is usually found that the value of
travel time for leisure activities (such as shopping) is much lower than for other activities such
as commuting (Small and Verhoef, 2007). For this reason, we assume a car driver's value of
walking time of only € 5.00 per hour (about one third of the wage, in line with Axhausen and
Polak, 1991), and ignore other reasons why drivers may opt for either parking type, our
results imply that drivers save about 4 - 7 minutes when choosing street parking.55 This seems
a reasonable result in our current application. Our finding that drivers are willing to pay a

54

The median parking duration is 57 minutes in the Almere CBD. Given our selection of parking
durations up to 120 minutes, the median duration is 40 minutes.
55
A recent poll suggests that – everything else being equal, including walking distance – a majority of
drivers prefer to park in garages (Yellowbrick, 2012). If this is true, then our estimate of the walking
time saved will be an underestimate.
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premium to street parking also implies that there are good economic reasons to have a street
parking premium policy.
3.4.2 Parking choices in hypothetical pricing schemes
Figure 3.1 provides information on the probability that a driver chooses street parking for
three hypothetical pricing schemes, which are compared to the current pricing scheme. This is
possible when the estimated parameters α and β are structural in the sense that they do not
change for different pricing schemes. The purpose of Figure 3.1 is to illustrate that small
reductions in the price of street parking would induce extreme increases in demand for street
parking, normally leading to excess demand if street supply is not increased. Figure 3.1
assumes that total demand for parking is perfectly inelastic, so neither drivers’ decision to
park, nor their parking durations, are influenced by changes in pricing. 56 The latter
assumption is likely innocuous, because we focus on pricing schemes that change the price of
street parking relative to garage parking. It is then much more plausible that car drivers
substitute between street and garage parking, whereas total demand for parking will be hardly
affected.
Figure 3.1 shows the results for the current pricing scheme, so when there is a street
parking premium. The probability of street parking falls from 0.82 when the duration is (close
to) zero to 0.52 when the duration is 40 minutes, and to 0.05 when the duration is 120
minutes. In the first hypothetical scheme, we suppose that street and garage parking have the
same price. In this case, parking choice does not depend on duration, so sorting based on
duration is eliminated, and the probability of street parking increases to 0.82 for all durations.
The increase is particularly large for long durations, which have a low street parking
probability in the current scheme.
56

Note that if overall parking demand is elastic, the hypothetical pricing schemes that we present in
Table 3.3 and Figure 3.1 yield an underestimate of demand for on-street parking.
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In the second hypothetical scheme, street parking is assumed to be 33 percent cheaper
than garage parking (so there is a garage parking premium). The probability of street parking
is then 0.96 given a duration of 40 minutes, and almost 1 for a duration of 120 minutes. In the
third hypothetical scheme, street parking is free and garage parking prices remain the same
(i.e., €0.50 per 20 minutes). The probability that a driver chooses to street parking is then
essentially 1 for a driver with a parking duration of at least 40 minutes. For the last two
hypothetical schemes, drivers do sort based on duration, but not in a way that encourages
efficient use of parking space: those with longest durations are more likely to choose street
parking which is, on average, more nearby. Hence, Figure 3.1 illustrates that drivers with long
parking durations react strongly to even modest changes in the pricing scheme, but drivers
with short durations much less so.

Probability of street parking

1,00
0,75
0,50
0,25
0,00
0

30
Free street parking

60
Parking duration

90

120

Garage premium (+ 33%)

Fig. 3.1: The probability of choosing street parking (current and hypothetical pricing schemes)

The latter results have important implications for the street inflow rate, as well as the
stock of cars parked on-street. Based on Figure 3.1, Table 3.3 presents the implied percentage
change in the daily-average hourly inflow into street parking, as well as the stock of cars
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parked on-street (drivers with season tickets and permits are excluded). 57 It shows that a
reduction in street prices (relative to garage prices) strongly increases the inflow into street
parking, but it results in an even stronger increase in the stock of cars parked on-street.58 For
example, if street parking and garage parking would be equally expensive, the street inflow
would increase by about 81 percent, but the stock of cars parked on-street increases by 170
percent.59 Given the assumption of inelastic total demand, corresponding decreases are found
for garage parking. Table 3.3 suggests that given the absence of an on-street parking
premium, saturation of street parking would – at least locally – certainly occur in Almere
during weekdays. This is also what is observed in many American cities (e.g., Shoup, 2005).
So, it seems that the current on-street parking premium in Almere is welfare optimal because
it eliminates cruising.
Table 3.3
Street inflow and stock (for current and hypothetical parking schemes)
Inflow
Stock
Street premium of 33% (current)
Equal prices
+ 81%
+ 170%
Garage premium of 33%
+ 112%
+ 224%
Street for free
+ 120%
+ 229%
Note: estimates are based on average hourly inflow between 9:15am – 4:00pm.

3.5 Sensitivity analyses
Table 3.4 provides the results of a series of sensitivity tests, which have been conducted using
linear probability models. Drivers who leave a garage within 10 minutes after arrival do not

57

We have calculated the hourly-average inflow rate and stock, for each hour of the day, but for
convenience, we present only the daily-average results.
58
The stock particularly increases because drivers with long durations have a disproportionally large
influence on the stock of cars parked on-street.
59
Note that Table 3.3 slightly underestimates the changes in parking stock, because we exclude
drivers with durations longer than 120 minutes.
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have to pay for parking, which may, at least theoretically, result in a bias in the estimates.60 In
addition, drivers who park very shortly on-street are also less likely to pay for parking (they
may park illegally, or leave the car with a passenger inside, for example). So, more in general,
information about short parking durations may be unreliable. Hence, we have re-estimated the
model, excluding observations for less than 20 minutes. It appears that the results do not
change much, resulting in a somewhat longer d* (i.e., 53 minutes rather than 43 minutes). The
latter indicates that a bias due to unreliable information on short parking durations – if present
– will result in an underestimate (rather than an overestimate) of the willingness to pay for
street parking. In addition, we have re-estimated the model including drivers with parking
durations up to 240 minutes (rather than 120 minutes, as in Table 3.2). It appears that this also
influences our results somewhat, as d* is now equal to 51 minutes.61
Table 3.4
Sensitivity tests – IV linear regressions
No. obs.

α (mean)

θ

d*

Durations 21-120 minutes

325,135

1.1168***
(0.0716)

-0.0117***
(0.0011)

52.79***
(1.12)

Durations 0-240 minutes

372,331

0.7233***

-0.0044***

50.66***

(0.0284)

(0.0004)

(2.26)

0.7581***

-0.0067***

38.76***

(0.0848)

(0.0016)

(3.30)

0.8389***

-0.0077***

44.02***

(0.1038)

(0.0020)

(2.33)

0.8999***

-0.0097***

41.32***

(0.0527)

(0.0011)

(0.73)

9:00am – 12:00pm
12:00pm – 2:00pm
2:00pm -4:00pm

165,640
155,908
154,205

Notes:
1) α has been calculated for the mean value of control dummies
2) ‘durations 0-240’ excludes observations after 2pm
3) * p<0.01; *** p<0.001
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Note that drivers who are in a garage for less than 10 minutes likely have not parked and left the
garage prematurely, for example because they changed their minds or were not able to find a place.
61
Given this estimate, the willingness to pay is only 7 cents higher than estimated before.
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As a robustness check, we have also re-estimated the model for different weekdays
and for different parts of the day. We do not find any evidence that drivers who park during
other parts of the day vary in terms of their d* (see Table 3.4). We have also examined the
results for different days of the week (Mondays to Fridays). For three out of five days the
standard errors of θ are too large to interpret the point estimates, whereas on the other days
the points estimates of the marginal parking duration differ little.
Our estimation strategy relies on the assumption that street and garage parkings are not
full. As noted earlier on, violation of this assumption would most likely result in an
underestimate of the willingness to pay for street parking, because (local) parking congestion
would induce cruising for particularly street parking, reducing its relative benefits. To test for
the latter argument, we have re-estimated the model for Saturdays only, which are excluded in
the main text because Saturdays are associated with relatively high parking congestion (see,
Table 3.A2). This results in a much lower marginal parking duration of 36 minutes (s.e., 4
minutes). So, this outcome seems to suggest that parking congestion would indeed result in an
underestimate of the willingness to pay.62

3.6 Conclusion
The current paper is motivated by a series of theoretical papers in the economics literature on
parking (e.g., Arnott and Rowse, 2009a; Calthrop and Proost, 2006) as well as the works by
Shoup (2005; 2006), which all focus on optimal pricing of street parking. An important issue
emphasised in the current paper is that street and garage parking are usually not perfect
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We have also re-estimated the model while using the total parking inflow (on-street and in garages)
as an instrument. This instrument influences the duration via congestion in stores, and gives a very
similar result. However, this instrument will only be valid given the assumption that there is no
cruising. This also suggests that the no cruising assumption in our paper is reasonable.
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substitutes, because of spatial differences in parking supply. For example, when the supply of
street parking is ubiquitous but garage parking is discretely supplied over space, many drivers
will have a preference for street parking, which is, on average, closer to their final destination.
Our results indicate that for longer durations, car drivers are rather sensitive to small
(street and garage) price differences, but this is not the case for shorter durations. For
example, given a parking duration of one hour, we find that the price elasticity of the street
parking share is -5.5, but for parking durations of 20 minutes, it is only -0.9. This result is also
relevant to other institutional contexts, common in the US, for example, where street prices
are usually extremely low (or even zero), and where drivers frequently cruise for parking. Our
results, particularly for shorter durations, support the idea developed in Arnott (2006) and
Arnott and Rowse (2009a) that commercial parking operators have monopolistic pricing
power.
In the theoretical literature, it is emphasised that parking duration is endogenously
chosen (e.g., Glazer and Niskanen, 1992). 63 Our results imply that it is also relevant to
acknowledge that drivers strongly differ in terms of (self-chosen) parking duration, so there is
a distribution of parking durations (see also Arnott and Rowse, 2009a). In general, conditional
on the distribution of parking durations of otherwise homogeneous car drivers, the average
walking distance to the final destination is minimized when drivers with longer parking
durations park at locations that are farther away from the final destinations. 64 So, in the
context where garage parking is discretely supplied over space whereas street parking is
ubiquitous, it is usually preferred that street parking be used by car drivers with short parking
durations. The latter equilibrium outcome, where drivers with short durations sort themselves
into street parking, can be achieved by ensuring that street parking is somewhat more
63

The main exception is the duration of parking by commuters, which is determined by the working
hours duration.
64
We ignore here any systematic relation between the parking duration and the location of the drivers’
final destinations (see, similarly, Arnott, 2006).
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expensive than garage parking per unit of time, so there must be an on-street premium. This
policy reduces total walking time.65 As a second-best solution, as discussed by Arnott and
Rowse (2009a), it may be welfare improving to introduce street parking time limits.
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The optimal level of this premium depends on the distribution of durations and the supply of street
and garage parking. As we do not have detailed information about parking by drivers with residential
parking permits and season tickets, we are not able to derive the optimal level here.
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Table 3.A1
Almere CBD parking tariffs
Street parking

€ 0.70 per 19 minutes

Garage parking (< 2 hrs.)

€ 0.50 per 20 minutes

Garage parking (2-4 hrs.)

€ 3.20

Garage parking (4 hrs. – 1 day)

€ 6.30

Fig. 3.A1: Map of Almere CBD (circles denote garages)

Table 3.A2
Probability of street parking – Saturdays

Duration in minutes, θ
Time dummies (27)
Week dummies (52)
Weather dummies (9)
α
Observations
Marginal parking duration

[1]
Probit
-0.0118***
(0.0001)
No
No
No
0.2040***
(0.0069)
153,747
17.27***
(0.45)

[2]
Probit
-0.0118***
(0.0001)
No
No
Yes
0.2049***
(0.0069)
153,747
17.32***
(0.44)

Notes:
1) α has been calculated for the mean value of control dummies
2) observations after 3pm excluded
3) *** p<0.001

[3]
Probit
-0.0121***
(0.0001)
Yes
Yes
Yes
0.2189***
(0.0070)
153,747
18.04***
(0.43)

[4]
IV probit
-0.0224***
(0.0038)
Yes
Yes
Yes
0.8155***
(0.2357)
153,747
36.46***
(4.28)
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STUDENT COMMUTE TIME, UNIVERSITY
PRESENCE AND ACADEMIC ACHIEVEMENT66

4.1 Introduction
The effect of geography on educational presence and academic achievement has hardly come
to the fore in the educational economics and urban economics literature (e.g., O’Sullivan,
2000; Hanushek and Welch, 2006). It has been established that proximity of educational
institutes has a positive effect on education participation and earnings later in life (Card, 1993;
Frenette, 2009; Koedel, 2013). However, geography is also likely to have an effect on
presence and results conditional on participation. For example, it has recently been shown
that commute time has a negative, but weak, effect on study results of secondary school pupils
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We thank Chris Jacobs for valuable assistance with acquiring public transport data, and Eric Kroes
for providing literature. We thank participants of the NECTAR and NARSC 2013 conferences, in
particular discussant Eric Brunner, for valuable comments.
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(Falch et al., 2013). University presence is presumably more responsive to commute time for
university students than for secondary-school pupils. In secondary schools, pupils typically
follow a rather fixed schedule, whereas university students have more freedom in choosing
which lectures to attend. According to our knowledge, we are the first to study the effect of
commute time on university presence and academic achievement, conditional on university
participation.
A finding of a such an effect is not only of interest academically, but is also relevant
for public and university policies that affect the residence location of students (and therefore
their commute times). Examples of policies that affect residence locations of students
abound.67 In many universities, first year students are obliged to live on-campus or receive a
form of housing assistance. Our study is also relevant for countries where student travel is
subsidised.68 A negative effect of student commute time on academic achievement may be
used as an argument against such policy, as it induces students to increase their commute
times in order to continue living with their parents (Kroes and Wilbrink, 1992). However,
such a finding is more favourable to policies which provide university resident subsidies, as
these induce students to live closer to the university. Consequently, the effect of commute
time on academic achievement is also relevant for the way in which governments and
universities may subsidize university education.69

67

Student commute times may also be affected by malfunctioning (student) housing markets due to
rent control regulation. For example, in France all students receive housing assistance and frequently
have access to university residences which are managed by regional student service agencies. The
commute times of students who live with their parents are affected by the creation of new universities
(Frenette, 2009).
68
In the Netherlands, for example, students are provided with free public transport passes (Kroes,
1994).
69
Governments may choose to subsidize education, because of equity arguments (Summers and
Wolfe, 1977; Schütz et al., 2008) or because of positive social returns. Although there is evidence on
social returns (Rauch, 1993; Moretti, 2004), the question whether these are sizeable is not undisputed
(Acemoglu and Angrist, 1999).
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In contrast to student commuting, there exists a sizable literature on the effect of
worker commute time on labour supply (and wages). The theory developed here is related to
the literature on labour supply.70 The theory on labour supply indicates that commute time
reduces workers’ number of days present, but increases daily labour supply at the intensive
margin. A priori expectations on the effect of commute time costs on total weekly labour
supply are therefore ambiguous.71
In the current paper, we present a theoretical framework on student commuting, where
it is assumed that academic achievement depends on the number of days present at the
university (i.e. the daily extensive margin), the number of daily hours present (the daily
intensive margin), and the time studying at home. Students derive utility from academic
achievement and leisure time. Students with a longer commute time are shown to come less
often to the university, but stay longer when present. The latter result has a clear intuition:
students with long commute times have a strong incentive to combine as many activities at the
university in as few days as possible, whereas students with relatively short commute times
have more flexibility in visiting the university when desired.
Conditional on the additional assumption that the returns to the number of hours
present at the university per day are diminishing, commute time has a negative effect on
student productivity (i.e. study results). The latter assumption is plausible, because students
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For important theoretical contributions, see Cogan (1981), and Parry and Bento (2011). For recent
empirical contributions, see e.g. Black et al. (2008) and Mulalic et al. (2013).
71
Empirical studies are not in agreement with each other. There exists empirical evidence that
commuting distance slightly increases workers’ weekly labour supply (Gutiérrez-i-Puigarnau and Van
Ommeren, 2011), but other studies indicate a decrease in labour supply (Fu and Viard, 2012;
Gerhenson, 2013). Van Ommeren and Gutiérrez-i-Puigarnau (2010) show that commuting distance
slightly reduces worker productivity through increased absenteeism.
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become tired after studying for many consecutive hours,72 and the type of study activities is
likely to differ between short and long university visits.73
We empirically test for the effect of commute time on university presence and
academic achievement using data on students of the VU University in Amsterdam, the
Netherlands. We control for endogeneity of commute time by using an instrumental variable
approach. The results on university presence are much in line with the theoretical predictions.
We also find that students with long commute times have lower average grades, although the
magnitude of this effect is unclear.
The structure of the current chapter is as follows. Section 4.2 presents a theoretical
framework and formulates hypotheses to be tested. Sections 4.3 and 4.4 sketch the
institutional context and discuss the identification strategy. Section 4.5 discusses the data and
provides descriptive statistics. Section 4.6 provides the empirical results. Section 4.7
concludes.

4.2 Theoretical framework
A student is assumed to maximise utility from academic achievement (study productivity), P,
and from leisure time at home, Hl. Academic achievement depends positively on the time
present at the university, defined by the number of days at the university, Du, and the daily
number of hours present Hu (conditional on visiting the university) and on study time at home,
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For example, a student with a long commute time may continue to work on an assignment (or study
at the library) even when she is tired, whereas a student with a short commute time will go home and
return the next day.
73
For example, a student who lives close by can use university facilities (e.g. library, bookstore,
university computers) immediately whenever needed, whereas a student who lives far away may have
to postpone this activity until the next university visit, which may be disadvantageous. In addition, the
former group of students are likely to miss lectures less often.
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Hh. Hence, the student maximises a utility function U(P, Hl) = U(Du, Hu, Hh, Hl).74 In order to
be present on a given day, the student has to travel to the university taking the commute time
as given (so we ignore monetary costs of travel). 75 The student faces the time constraint
Du(Hu + t) + Hh + Hl = M, where M denotes a fixed time budget and t denotes the daily
commute time.
This type of maximisation problem can be solved by assuming that the utility function
is concave (Varian, 1992; Gutiérrez-i-Puigarnau and Van Ommeren, 2011). In the current
context, the main results can be more easily shown by supposing that the student maximizes a
Cobb-Douglas utility function. So, we assume that
, where , , ,

and

0.

It can be shown that the necessary second-order condition of this maximization
problem is that α > β (note that the time budget contains the product of Du and Hu, as well as
the product of Du and t, so if this condition does not hold the optimally-chosen
approach infinity and the optimally-chosen

∗

∗

will

will approach zero). Hence, the number of

days elasticity of academic achievement must exceed the daily hours elasticity of academic
achievement. This condition is intuitive, because studying more hours at the university on a
given day has diminishing returns (for example because students get tired after several hours
of studying), so β should be smaller than α.
It is straightforward to show that:

∗

74

.

(4.1)

For now, we ignore that commute time may also have a direct effect on academic achievement. A
direct effect may be either negative (i.e. travel fatigue) or positive (when individuals study in the
train).
75
To ignore monetary costs of travel is appropriate in the Dutch context, where almost all students
either travel by bicycle or by public transport (which is for free).

74

Student commute times

∗

Hence,

is proportional to t. Consequently, recalling that α > β, it follows that

∗

> 0.

It can also be easily shown that:

∗

,

which implies that

∗

∗

∗

(4.2)

is inverse proportional to t, so

∗

< 0. So, (4.1) and (4.2) imply:

.

This implies that

(4.3)

∗

∗

= 0. Hence, students who have a long commute time reduce

their number of days present, increase their number of daily hours present, and choose the
same total time present at the university (e.g., the number of hours per week). 76 It is easily
verified that also the chosen level of

∗

does not depend on t. Hence, optimal productivity

can be written as:

∗

,

(4.4)

where π is a positive constant which does not depend on t. It follows that

∗

0. Hence, this

theoretical model predicts that students with long commute times have lower academic
achievement. In addition, it follows that

∗ ∗

= 0, so our model somewhat surprisingly

predicts that the optimal number of hours which a student would spend commuting (e.g. per
week) does not depend on the travel time to the university.
76

Note that this result is specific to the Cobb-Douglas utility function. In general, this effect is
ambiguous, so it may be positive or negative. See, Gutiérrez-i-Puigarnau and Van Ommeren (2011)
for an analogous discussion on workers.
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The results of our theoretical model have been derived with some restrictive
assumptions on the student’s utility and production functions. For example, given our
assumption that

, we have ignored that commuting may also have a direct effect

on academic achievement. A negative direct effect (i.e. travel fatigue) would leave the
theoretical predictions unchanged, as students with long commute times would have an even
stronger incentive to reduce the number of days present. Although unlikely, there may also be
a positive direct effect of commuting for students who travel by train (which is a minority in
our sample). Individuals can to a certain extent study in the train, but students are likely less
productive in the train than in other places, in particular when students have to change trains
or when trains are crowded (Ohmori and Harata, 2008).

4.3 Institutional context
In the Netherlands, there are 13 universities distributed over 12 cities (the city of Amsterdam
has two universities). As a general rule, universities require only a pre-university secondary
school diploma. It is not common that universities select students based on their high-school
grades. Government-provided grants make higher education financially accessible to
everyone with such diploma. That is, students travel by public transport for free and grants,
which are sufficient to cover study expenses like tuition fees and study books, are available to
all students. The Dutch higher education system is mainly state-funded, which makes wagecompetition between universities unlikely to occur (see, similarly, Suhonen, 2013). As a
result, Dutch universities are of a similar quality. Some universities are specialised in certain
scientific disciplines (e.g., technical universities, life-science university). All universities are
located in cities that have good public transport connections.
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4.4 Identification strategy
We aim to empirically examine the effect of student commute time on (i) the number of days
present, (ii) the duration of presence (at the intensive margin), (iii) hourly presence per week,
and (iv) study results. To this end, we employ cross-section information on travel times and
university presence during a representative week of students of the VU University in
Amsterdam. As an indicator of study results, we use average grades at this same university.
All lectures are given on the same campus, so commute time differences between students
result from differences in residence location (and travel mode).
Several identification issues need to be addressed in the empirical procedure. A first
identification issue is that commute time is likely endogenous due to a combination of
reversed causality and selection effects. 77 We address this problem by adopting an
instrumental variable approach. We aim to use an instrument that affects the commute time to
the VU University, but not the potential students’ choice for the VU University (conditional
on control variables). We construct an instrumental variable based on the municipality where
the student used to live before commencement of the higher education studies.78 Henceforth,
we will refer to this municipality as the ‘municipality of origin’.
Almost all students lived with their parents before commencing with their higher
education studies. It seems plausible that the parents have chosen a residence municipality
ignoring the effect that this may have on their children's travel time to the university. In this
context, it is important to emphasise that (long-distance) residential mobility of households
with children at the primary and particularly high school is extremely low (e.g., Mulalic et al.,
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The reversed causality argument is that students who prefer to be present more often have a stronger
incentive to move residence close to the university. A potential selection effect is that students who
choose to commute longer to study at the VU University are more motivated. The endogeneity bias is
therefore of an unknown sign.
78
The difference between higher education study and university study is relevant here. Some students
at the university have first studied for a vocational higher educational degree (e.g., a polytechnic
degree).
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2013). In other words, most parents in the Netherlands choose their residence location before
their children go to primary school. For these parents, when choosing a residence location, it
seems unlikely that they take into account the commute time to the university for their
children.79 Hence, conditional on a series of socio-economic control variables discussed later
on, it seems reasonable to assume that the municipality of origin does not directly affect
university presence or academic achievement. On the other hand, the municipality of origin
should influence students’ commute times to universities, in particular for students who live
with their parents, but it may also influence the commute times of students who live away
from home, because young individuals may prefer to live in municipalities where they have
social ties (e.g. family and high school friends).
In constructing our instrument, we aim to exploit spatial variation in public transport
times to potential universities: students who originate from municipalities with less good
public transport connections are more likely to have long commute times to their chosen
university. 80 We use the public transport times between municipalities to construct an
instrument (using the fastest combination of public transport travel modes). As an instrument,
we use the mean public transport travel time from the municipality of origin to the closest two
Dutch university cities.81 The values of this variable are shown in Figure 4.B2.
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In addition, it is difficult for parents to predict whether (and especially where) their children go to
university.
80
We do not use the travel time from the municipality of origin to Amsterdam as an instrument. This
might be invalid, because the university choice is endogenous. We also do not use municipality of
origin dummies, because students originating from wealthy municipalities may do better than students
who originate from poor municipalities. Our preferred instrument allows us to control for province of
origin (and therewith for the distance to the VU University and other universities), and for
municipality of origin socio-economic characteristics.
81
To be specific, we use the weekday public transport travel times at 10 am from the centroids of the
municipalities to the centroids of university cities. As centroids, we use the inhabitant-weighted
geographical means. The location of the university cities is shown in Figure 4.B1. The rationale for
using the travel time to the closest two (rather than one) university cities is that many students do not
choose to study at the nearest university. In the sensitivity analyses, we show that using the travel time
to the one nearest university city (or three nearest university cities) leads to essentially identical results
(but this slightly decreases the strength of the instrument).
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A potential objection to the above instrumental variable strategy is that municipalities

of origin may be related to socio-economic variables, which could render the instrument
invalid when not adequately controlled for. We therefore control for a range of socioeconomic characteristics that relate to the student and municipality of origin (e.g. gender, age,
municipality mean income, municipality share of inhabitants with a degree in higher
education) and we control for province of origin (there are 12 provinces in the Netherlands,
which are small in geographical size). The Dutch provinces are shown in Figure 4.B3. We
will also show specifications that include province of origin and field of study interaction
dummies, as one could argue that the effect of province of origin is study-type specific.82 In
Appendix 4.C, we test for potential violation of the exclusion restriction due to differences in
socio-economic composition between municipalities. In particular, we have regressed
municipality income on our instrumental variable. It is comforting that our instrumental
variable appears uncorrelated with municipality mean income. In the sensitivity analyses, we
will also show that controlling for lower-income parents does not influence our results.
It seems likely that urban areas have better public transport connections, so our
instrument may be related to the municipality urbanisation degree. Urbanisation degree may
be related to unobserved factors. To test for any (spurious) correlation between municipality
degree of urbanisation and study results, Appendix 4.C regresses average grades on
municipality degree of urbanisation (measured as the number of inhabitants). We find no
evidence that students who originate from urban areas have better study results. We will
nevertheless control for the municipality degree of urbanisation in our empirical estimates.
We take into account that the effect of our instrumental variable on travel time may be
non-monotonic. For students with a short public transport travel time, public transport travel
82

For example, Human Movement Science is a study field which is rather specific to the VU
University (only one other university in the Netherlands teaches this course). In contrast, economics is
taught at several universities. This makes it likely that the selection of the VU University is specific to
the province of origin and study field combination.
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time has a positive effect on commute time, but for students with very long travel times from
the municipality of origin, the probability of relocating close to the university is very large,
and hence their commute time will usually be short. Therefore, we define our instrument
through two separate variables. One captures a linear effect of public transport time up to 2.5
hours. The other is a dummy for public transport time above 2.5 hours. In the sensitivity
analyses, we will show that our results are robust when we control for living away from
home.
A second potential identification concern is that within-province spatial variation in
public transport times (and, hence, in our instrument) may induce prospective students not to
study at any university (but rather go working). The resulting bias should be small, not only
because the provinces (which are controlled for) are small, but in particular also because most
jobs are located in (or nearby) university cities, so public transport time differences will
influence employment and university participation in a similar way. Importantly, previous
studies have shown that the distance from the parents’ house to universities mainly influences
the participation decision of students with less good prior achievements (Dickerson and
McIntosh, 2010). Hence, if present, the latter selection-bias would lead to a slight
underestimate (rather than overestimate) of the commute time effect.83
A third identification concern is that the municipality of origin may be related to
students’ prior achievement through school quality. This should be less of a concern for the
Netherlands where the share of private schooling is only marginal (so secondary schools are
of a very similar quality throughout the country).
There is a fourth identification concern, which is only relevant for the estimates on
average grades (and not for the university presence indicators). The average grade is also
influenced by past commute times (which we do not observe). This should be only a minor
83

The possibility of a slight underestimate is supported by our empirical specifications, which show
that controlling for province of origin increases the effect of commute time.
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problem for our estimates, because our estimates will be conservative when students moved
residence to Amsterdam during the course of their studies. Students are more likely to move
to Amsterdam than away from Amsterdam during the course of their studies.84 In addition, we
will use information on self-reported study grades, which may be prone to measurement error.
We will assume that this measurement error is non-related to our instrument.
Formally, we estimate the following equation:

yij = α + βtij + γSi + δMj + εij ,

(4.5)

where tij denotes the commute time of student i, with a municipality of origin, j. α, β, γ and δ
are coefficients to be estimated. As an instrument, we use Zj. As dependent variables, yij, we
use the number of days present at the university (per week), daily hours present (conditional
on visiting the university), total weekly presence and average study grade. As student
characteristics controls, denoted Si, we include dummies for the year of study, gender, (second
or first generation) immigrant, and province of origin interacted with field of study. As
municipality of origin controls, denoted Mj, we include the number of inhabitants (proxy for
urbanization), the municipality mean income, the share of immigrants in the population, and
the share of the population that holds a degree from an institution for higher education
(university or professional college).85

4.5 The data and descriptive statistics
We use survey information on commute time, university presence and study results of
students of the VU University in Amsterdam. The information on university presence refers to
84

Housing agencies typically have waiting lists, so finding a room in Amsterdam may require some
time.
85
The municipality of origin control data are obtained via compendiumvoordeleefomgeving.nl and
cbs.nl.
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the week of November 7-11, 2011 (a regular lecture week). We select Dutch students who
lived in the Netherlands before commencement of their higher education studies (for other
students, we cannot construct our instrumental variable).86 In total, we have information on
2,857 students, about 12% of the full student population of the VU University.
Table 4.A1 in Appendix 4.A provides descriptive statistics on the main student
characteristics. Based on these student characteristics, the sample appears representative for
the students of this university. Table 4.A1 also shows that public transport is the main mode
of transportation to the university: 42 percent commute by train and 24 percent commute by
bus, metro, or tram. 29 percent commute by bicycle. The shares of other modes (e.g., car or
walking) are negligible.
Table 4.1 provides descriptive statistics on commute time, the four dependent variables,
and on the mean public transport time from the municipality of origin to the closest two
university cities (our instrument). Students commute to the university on average for 0.83
hours (one-way), so for 50 minutes, with a minimum of 8 minutes. There is substantial
variation in commute times: the standard deviation is 0.53 hours, so just over half an hour. We
observe one outlier of 4.38 hours of commuting.87 Students come to the university on average
about 3 times per week and for about 15 hours in total. So, the mean duration of presence (a
constructed variable) is about 5 hours per day. 88 Students usually rounded their weekly
presence to the nearest integer, which is presumably the reason why we observe that 13
students were present for about zero hours per day (e.g. buying books at the bookstore).
86

We exclude 27 students because they did not indicate whether they are international students, or
whether their parents were born abroad (second-generation immigrant). Two students were excluded
because they lived abroad during the time of the survey.
87
Outliers in commute times are rare (more than 97 percent of students commute shorter than 2 hours).
One reason why we may observe such outliers in student commute time are internships and the writing
of a thesis, for example. In the sensitivity analyses, we will show that excluding outliers in comute
time does not influence the results.
88
Note that we have a slightly smaller number of observations for the daily hours present, because 196
students did not visit the university during the representative week.
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Table 4.1
Descriptive statistics
Obs.

Mean

St. dev.

Min

Max

One-way commute time (hrs.)
Number of days present

2,857
2,857

0.83
3.13

0.53
1.51

0.13
0

4.38
5

Weekly hours present

2,857

14.70

9.55

0

60

Daily hours present

2,661

4.70

1.90

0

16

Average grade at VU University (scale 1-10)

2,258

7.13

0.67

4.00

10.00

Mean PT travel time closest two un. cities (hrs.)

2,857

0.94

0.45

0.28

3.19

Note: daily hours is conditional on days present (intensive margin)

As a proxy for academic achievement, we use the self-reported average grade at the VU
University. In the Netherlands, grades are measured on a scale of one to ten. The mean of the
average grade is 7.13, where 4 and 10 are the highest and lowest observed grades,
respectively (the standard deviation is 0.67). Outliers in average grade are rare. For example,
94 percent of students reported an average grade between 6 and 8.5.89
The mean public transport travel time from the municipality of origin to the nearest two
university cities (on which our instrument is based) has a mean of 0.94 hours (56 minutes),
with a standard deviation of 0.45 hours. The value of our instrument is lowest for Rotterdam
and Delft (two university cities located at 13 kilometres from each other), and highest for the
municipality of Sluis (located in the far southwest), and Texel (an island).
Students originate from 334 different municipalities, which are shown in Figure 4.B1.
As expected, many students originate from nearby municipalities. Nonetheless, there are also
many students who originate from faraway. For example, for 12 percent of students, the travel
time from the municipality of origin to Amsterdam is more than two hours.
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About 600 students did not report their average grade (mainly first-year students, who did not yet
receive grades).
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4.6 Empirical results
4.6.1 Number of days present
Table 4.2 reports the effect of commute time on the number of days present. Column [1]
refers to an OLS estimate where we control for student and municipality of origin
characteristics, field of study, and province of origin. The point estimate is highly significant
and equal to -0.277 (s.e., 0.047). So, in line with the theoretical model introduced, it appears
that commute time reduces the number of days present.90 In Column [2], we also include
municipality-of-origin fixed effects, which leads to an almost identical coefficient of -0.244
(s.e., 0.060). This suggests that any bias resulting from unobserved municipality
characteristics is minimal. In column [3], we instrument for commute time, and control for
student characteristics, province of origin, and field of study (the first-stage results are shown
in Table 4.D1).91 This leads to a somewhat larger, but imprecisely estimated coefficient of 0.261 (s.e., 0.182). Column [4] shows that also controlling for municipality of origin
characteristics increases the effect size considerably to -0.603 (s.e., 0.314). 92 This effect is
significant at the 10 percent level.
Column [5] shows that also including province and field of study interaction dummies
increases the effect size to -0.651 (s.e., 0.331). This effect is significant at the 5 percent level.
This effect is equivalent to a reduction of 21 percent from the mean number of days present.
We interpret this as a rather strong effect.
The results of Table 4.2 show that not adequately controlling for province of origin
and study field interaction (as in Column [4]) leads to a slight downwards bias of the
90

It also appears that master and older students are less days at the university. Gender and being an
immigrant does not (or hardly) have an effect.
91
Our instruments are strong in all specifications, and have a joint F-value of 26 in our baseline
specification (using municipality-clustered standard errors).
92
For 22 smaller municipalities (58 student observations), the higher educated share of the population
is unknown. We have solved this problem by including an ‘unknown’ dummy in the empirical
estimates. As expected, excluding these observations leads to almost identical estimates.
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commute time coefficient. The latter result is consistent with a selection bias towards zero
when students who originate from faraway (and choose to study in Amsterdam) are more
ambitious. We will see when estimating the effect of commute time on the three other choice
variables that applying IV and including the same controls as in [5] generates a stronger
effect. This strongly suggests that if some of our estimates are affected by student selfselection, then the resulting bias will be downwards towards zero.

Table 4.2
Number of days present
OLS
Commute time (hrs.)
Study year
Bachelor, second year
Bachelor, third year
Master
Other (e.g., pre-master)
Age
20-22 years

IV

[1]
-0.277***
(0.047)

[2]
-0.244***
(0.060)

[3]
-0.261
(0.182)

[4]
-0.603*
(0.314)

[5]
-0.651**
(0.331)

-0.303***
(0.064)
-0.758***
(0.087)
-1.173***
(0.082)
-1.075***
(0.099)

-0.301***
(0.072)
-0.773***
(0.096)
-1.161***
(0.096)
-1.062***
(0.114)

-0.304***
(0.066)
-0.758***
(0.095)
-1.167***
(0.081)
-1.063***
(0.098)

-0.346***
(0.076)
-0.812***
(0.102)
-1.196***
(0.089)
-1.071***
(0.099)

-0.329***
(0.079)
-0.821***
(0.108)
-1.218***
(0.098)
-1.098***
(0.102)

-0.020
-0.045
-0.019
-0.036
-0.026
(0.065)
(0.074)
(0.064)
(0.070)
(0.071)
23-26 years
-0.372***
-0.391***
-0.369***
-0.409***
-0.388***
(0.071)
(0.079)
(0.072)
(0.079)
(0.081)
Older than 26 years
-0.647***
-0.692***
-0.655***
-0.655***
-0.601***
(0.104)
(0.115)
(0.103)
(0.109)
(0.121)
Female
-0.020
-0.021
-0.025
-0.011
0.004
(0.051)
(0.057)
(0.052)
(0.054)
(0.055)
First / second generation immigrant
0.091
0.064
0.086
0.104
0.117*
(0.063)
(0.071)
(0.060)
(0.063)
(0.064)
Province of origin (12)
yes
yes
yes
yes
no
Field of study (9)
yes
yes
yes
yes
no
Province of origin * study field (104)
no
no
no
no
yes
yes
no
no
yes
yes
Mun. mean income (4)
Mun. higher educated share (5)
yes
no
no
yes
yes
Mun. immigrant share (4)
yes
no
no
yes
yes
Mun. inhabitants (4)
yes
no
no
yes
yes
Municipality dummies (334)
no
yes
no
no
no
Observations
2,857
2,857
2,857
2,857
2,857
Note: commute time has been instrumented in the IV estimates; municipality-clustered standard errors between parentheses;
*** p<0.01, ** p<0.05; *p<0.1.
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4.6.2 Daily hours present
Table 4.3 shows the effect of commute time on the daily hours present at the university (at the
intensive margin), employing the same specifications as above. The theoretical model predicts
that students with long commute times stay longer when present. This is supported by all
specification in Table 4.3. Column [5], which is again our preferred estimate, shows that an
additional hour of commute time increases daily presence by about 52 minutes (i.e., 0.865
hours, s.e. 0.431). This corresponds to an increase of 18 percent of the mean daily hours
present. Notice that this percentual increase is very close to the 21 percent decrease in days
present (see, Table 4.2). Hence, it appears that students with long commute times strongly
offset the reduction in days present by staying longer at the intensive margin.
The latter result is confirmed by Table 4.E1 in the Appendix, which shows the effect
of commute time on the weekly hours present. The ‘naïve’ OLS estimates in Column [1] and
Column [2] suggest that commute time has a negative effect on the weekly hours present.
Notice however that the effect is small in size, as the marginal effect is only one hour per
week. When we instrument for commute time, it appears that the commute time has a small
and positive effect on the weekly number of hours present (1.128, s.e. 1.818).
The effect of commute time on the number of hours present per weekly is not
statistically significant. It thus appears that commute time has at most a rather weak effect on
the weekly number of hours present.
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Table 4.3
Daily hours present (intensive margin)
Commute time (hrs.)
Study year
Bachelor, second year
Bachelor, third year
Master
Other (e.g., pre-master)

OLS
[1]
0.111
(0.070)
0.056
(0.110)
-0.084
(0.119)
0.426***
(0.123)
0.337**
(0.158)

IV
[2]
0.174*
(0.090)

[3]
0.647***
(0.239)

[4]
0.754*
(0.421)

[5]
0.865**
(0.431)

0.064
(0.128)
-0.123
(0.139)
0.403***
(0.140)
0.336*
(0.179)

0.130
(0.111)
0.006
(0.124)
0.456***
(0.122)
0.312*
(0.161)

0.142
(0.124)
0.027
(0.136)
0.468***
(0.125)
0.327**
(0.164)

0.154
(0.129)
0.036
(0.146)
0.449***
(0.127)
0.334**
(0.165)

Age
20-22 years

0.275**
0.321**
0.301***
0.306***
0.332***
(0.110)
(0.128)
(0.113)
(0.115)
(0.127)
23-26 years
0.553***
0.585***
0.612***
0.631***
0.658***
(0.131)
(0.152)
(0.139)
(0.147)
(0.153)
Older than 26 years
0.918***
0.967***
0.934***
0.944***
0.962***
(0.155)
(0.168)
(0.155)
(0.158)
(0.165)
Female
0.051
0.040
0.043
0.045
0.034
(0.081)
(0.093)
(0.083)
(0.083)
(0.086)
First / second generation immigrant
0.019
0.086
-0.008
-0.008
-0.016
(0.107)
(0.114)
(0.107)
(0.108)
(0.110)
Province of origin (12)
yes
yes
yes
yes
no
Field of study (9)
yes
yes
yes
yes
no
Province of origin * study field (104)
no
no
no
no
yes
Mun. mean income (4)
yes
no
no
yes
yes
Mun. higher educated share (5)
yes
no
no
yes
yes
Mun. immigrant share (4)
yes
no
no
yes
yes
Mun. inhabitants (4)
yes
no
no
yes
yes
Municipality dummies (334)
no
yes
no
no
no
Observations
2,661
2,661
2,661
2,661
2,661
Note: commute time has been instrumented in the IV estimates; municipality-clustered standard errors
between parentheses; *** p<0.01, ** p<0.05; *p<0.1.

4.6.3 Academic achievement: average grades
Table 4.4 reports the effect of commute time on average grades at the VU University. The
‘naïve’ OLS estimates in Columns [1] – [2] suggest that there is essentially no effect on
average grades. However, Column [3] shows that when we instrument for commute time, the
effect becomes negative (-0.236, s.e., 0.115). This effect is significant at the 5 percent level.
As before, when we also control for province of origin, field of study, and municipality
characteristics (Column [4]), the effect size becomes stronger (-0.381, s.e., 0.170). In Column
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[5], where we also control for province and field of study interaction, the point estimate
increases further to -0.431 (s.e., 0.191). This potentially suggests that a standard deviation
increase in commute time reduces the average grade by about one third of a standard
deviation, in line with the theoretical model. However, due to the large standard error, a
reduction in average grades which is close to negligible cannot be excluded.

Table 4.4
Average grades
Commute time (hrs.)
Study year
Bachelor, second year
Bachelor, third year
Master
Other (e.g., pre-master)
Age
20-22 years

OLS
[1]
-0.017
(0.028)

[2]
0.013
(0.033)

IV
[3]
-0.236**
(0.115)

[4]
-0.381**
(0.170)

[5]
-0.431**
(0.191)

-0.117*
(0.060)
-0.050
(0.080)
0.204***
(0.069)
0.058
(0.075)

-0.111
(0.070)
-0.055
(0.093)
0.227***
(0.080)
0.088
(0.086)

-0.137**
(0.062)
-0.083
(0.082)
0.200***
(0.069)
0.064
(0.077)

-0.162**
(0.064)
-0.114
(0.083)
0.183***
(0.068)
0.062
(0.078)

-0.163**
(0.066)
-0.110
(0.087)
0.193***
(0.071)
0.068
(0.081)

-0.130**
-0.121**
-0.143***
-0.142***
-0.137**
(0.050)
(0.056)
(0.051)
(0.052)
(0.054)
23-26 years
-0.143**
-0.155**
-0.168***
-0.181***
-0.194***
(0.056)
(0.064)
(0.054)
(0.057)
(0.062)
Older than 26 years
-0.049
-0.031
-0.049
-0.047
-0.042
(0.070)
(0.078)
(0.065)
(0.066)
(0.063)
Female
0.038
0.026
0.042
0.043
0.050
(0.032)
(0.038)
(0.033)
(0.033)
(0.034)
First / second generation immigrant
-0.083**
-0.094**
-0.073**
-0.066*
-0.065*
(0.033)
(0.037)
(0.030)
(0.034)
(0.034)
Province of origin (12)
yes
yes
yes
yes
no
Field of study (9)
yes
yes
yes
yes
no
Province of origin * study field (104)
no
no
no
no
yes
Mun. mean income (4)
yes
no
no
yes
yes
Mun. higher educated share (5)
yes
no
no
yes
yes
Mun. immigrant share (4)
yes
no
no
yes
yes
Mun. inhabitants (4)
yes
no
no
yes
yes
no
yes
no
no
no
Municipality dummies (334)
Observations
2,258
2,258
2,258
2,258
2,258
Note: commute time has been instrumented in the IV estimates; municipality-clustered standard errors between
parentheses; *** p<0.01, ** p<0.05; *p<0.1.
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A limitation of the present study is that we only have information on average grades, which
are only one of the potential indicators of academic achievement. One might argue that study
progress (i.e. the number of finished courses) or future labour market success are also
important indicators for academic achievement. Hence, our study likely underestimates the
broader effects of commute times on academic achievement.
4.6.4 Sensitivity analyses
Table 4.5 shows the results of several sensitivity tests, which indicate that our results are
robust in that all alternative specifications render essentially the same results. A first potential
concern is that our instrumental variable is municipality-specific, and may therefore be
correlated with socio-economic variables (even though we have carefully chosen our
instrumental variable in such a way that this should be less of a concern). In the Netherlands,
students with lower-income parents receive so-called ‘complementary scholarships’ in
addition to regular scholarships (493 students in our sample receive such complementary
scholarship). As a sensitivity test, we have included a ‘complementary scholarship’ dummy in
addition to the other socio-economic variables in our baseline specification, which does not
change the results. This strongly suggests that our baseline results are not biased by
municipality-specific differences in socio-economic composition.
A second potential concern is that our results may be driven mainly by outliers in
commute time. We have excluded 82 students with commute times longer than 2 hours. This
hardly changes the results. Our results are also not driven by outliers in our instrumental
variable. That is, leaving out 36 students with a value of our instrument larger than 2.5 hardly
changes the point estimates (even though the instrument now loses in strength, which may be
the reason that the university presence point estimates are not significant anymore).
A third potential concern is that our results may be driven by differences in travel
mode choice. Therefore, we have re-estimated the model selecting only students who
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commute by train (the main mode of transportation), which leaves the results essentially
unchanged.
A fourth potential concern is that our results may be driven by the way in which our
instrumental variable is specified. As alternative instruments, we have used the mean public
transport travel time to the nearest one or three universities (rather than the nearest two
universities as in our baseline specification). This also leaves the results essentially
unchanged.
Table 4.5
Sensitivity analyses for the effect of commute time
Number of
days
Baseline speciation

Daily hours
(intensive
margin)
0.865**
(0.431)

Weekly hours

Av. grade

F-value

1.128
26.4
-0.431**
(1.818)
(0.191)
Incl. complementary scholarship dummy
1.075
26.5
0.855**
-0.426**
(1.814)
(0.430)
(0.191)
Commute time ≤ 2 hours (selection)
1.575
19.5
1.194*
-0.536*
(2.357)
(0.616)
(0.278)
Instrument < 2.5 (selection)
0.689
1.186
-0.661***
17.6
(0.432)
(2.258)
(0.247)
Train commutes only (selection)
1.008**
1.876
-0.367**
31.8
(0.401)
(1.950)
(0.168)
Instrument: nearest one university city
0.998*
1.576
-0.506**
12.4
(0.547)
(2.117)
(0.234)
Instrument: nearest three university cities
1.140**
1.808
-0.336*
21.1
(0.443)
(2.042)
(0.192)
Incl. living with parents dummy
1.245
22.7
-0.646*
0.868*
-0.529***
(0.445)
(2.047)
(0.193)
(0.347)
Incl. living with parents * study year dummies
-0.650*
0.873*
1.201
-0.528***
22.3
(0.349)
(0.448)
(2.065)
(0.195)
Does not originate from Amsterdam (selection)
1.057
20.8
-1.003*
1.168*
-0.308
(0.541)
(0.680)
(2.540)
(0.277)
Instrument: travel time to Utrecht
-0.147
11.9
-0.533
0.830
-0.411
(0.472)
(0.567)
(2.703)
(0.280)
Notes: F-value refers to the test for the strength of the instrument; municipality-clustered standard errors between
parentheses; *** p<0.01, ** p<0.05; *p<0.1.
-0.651**
(0.331)
-0.650**
(0.330)
-0.883*
(0.476)
-0.490
(0.342)
-0.520*
(0.293)
-0.559
(0.384)
-0.662*
(0.342)
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As a fifth test, Table 4.5 shows that controlling for living with parents (or controlling

for living with parents and study year interaction) does not change the results. 93 A sixth
potential concern is that our instrument may induce a bias when students who originate from
Amsterdam (the city where the university of study is located) have more distractions from
family and high-school friends nearby, so our municipality-specific instrument could then
have a direct effect on university presence (and study results).94 To test for this, we have
excluded students who originate from Amsterdam, which leaves the results essentially
unchanged (although the instrument is now much weaker and the standard errors larger). As a
second test, we use the public transport travel time to the city of Utrecht as an alternative
instrument (this city is the most important train hub in the Netherlands).95 The potential bias
due to study distractions should be much smaller for this instrument. Using this instrument
also changes the results (although this instrument is weaker and, consequently, the standard
errors are larger). Hence, we found no evidence that supports this difference-in-distractionscriticism. We nevertheless emphasise that if the latter bias would exist, this should lead to an
underestimate towards zero (rather than overestimate) of the commute time effect on total
university presence and academic achievement.

93

We have not controlled for living with parents in our main estimates, because living with parents is
potentially endogenous to university presence and study results.
94
We emphasise that the resulting bias should be minimal when students who moved residence from
other municipalities to Amsterdam have access to a student social network (e.g., housemates,
classmates, student associations, student sports), which would cause similar distractions.
95
We define this instrument through two separate variables, one of which captures a linear effect of
public transport time to Utrecht up to 3 hours. The other variable is a dummy for values above 3 hours.
We have chosen the cutoff point of 3 hours, because this gives much strength to our instrument.
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4.7 Conclusions
To the best of our knowledge, our current paper is the first to examine the effect of student
commute time on university presence and academic achievement. We have shown that,
consistent with theory, students with long commute times are present on fewer days, but when
these students are present on a given day, they also stay longer. These effects offset each
other, so commute time does not (or hardly) affect the number of weekly hours present. The
latter finding has interesting implications for universities which offer courses that attract
students with long commute times. These students would have a preference for visiting the
university less often, but when given flexibility to combine several different activities into one
single day, then they may potentially offset the negative effects of this to a considerable
extent by increasing their presence at the daily intensive margin.
The latter is however not what we observe in our empirical results on student
academic achievement. In particular, our point estimates suggest that a standard deviation
increase in commute time reduces the average grade by about one third of a standard
deviation. We have four tentative explanations for this. First, it may be the case that students
with long commute times are in practice not effective in combining more activities in fewer
days, or at least not at this university. Second, it may be the case that long days at the
university are tiring, so that student marginal productivity decreases by the end of a relatively
long day of studying. Third, there may be a negative direct effect due to travel fatigue. Fourth,
our estimates on the effect of commute time on academic achievement are somewhat
imprecise. That is, even though our results indicate a strong and statistically significant
decrease in study grades with commute time, a decrease in study grades which is close to
negligible cannot be ruled out either.
The finding that student commute time decreases student productivity (at least to some
extent) has interesting implications for government and university policies, because student
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commute times are often explicitly, but also implicitly, affected by these policies. A full costbenefit analysis of government and university policies is beyond scope of the current paper.
However, a finding that commute time decreases academic achievement suggests that
subsidizing education through public transport subsidies (as occurs in the Netherlands and
Germany, for example), is likely less efficient than subsidising university education in other
ways (e.g., lowering tuition fees). The opposite should hold true for subsidies for university
accommodation close to the university.

Appendix 4.A: student characteristics

Table 4.A1

Transp. mode

Field of study

Study year

Orig

H.sit

Sex

Age

Student characteristics and transport modes
Younger than 20 years
20-22 years
23-26 years
Older than 27 years
Male
Female
With parents / guardians
Away from home
Both parents born in the Netherlands
First / second generation immigrant
1st year bachelor
2nd year bachelor
3rd year bachelor
Master
Other (e.g., pre-Master)
Earth and Life Sciences
Economics and Business Administration
Sciences
Arts
Medical Faculty
Psychology and Pedagogy
Law
Social Sciences
Other
Train
Bus, tram, or metro
Bike
Foot
Car
Other

Freq.

Percentage

653
1,063
874
267
1,129
1,728
1,254
1,603
2,303
554
690
441
504
912
310
371
530
262
170
312
327
275
420
190
1,195
689
832
15
88
38

22.9
37.2
30.6
9.4
39.5
60.5
43.9
56.1
80.6
19.4
24.2
15.4
17.6
31.9
10.9
13.0
18.6
9.2
6.0
10.9
11.5
9.6
14.7
6.7
41.8
24.1
29.1
0.5
3.1
1.3

Appendix 4.B: maps

Fig. 4.B1: The number of students per municipality of origin

Fig. 4.B2: Mean public transport travel time to closest two university cities (instrumental
variable)

Fig. 4.B3: The Dutch provinces.

Appendix 4.C: Tests on exogeneity instrumental variable
Table 4.C1
Tests on exogeneity instrumental variable

Instrumental variable

Mun. mean income
(% deviation from average)
[1]
[2]
-0.00018
-0.00014
(0.00071)
(0.00071)

Mun. inhabitants (* 1000)
Commute time (hrs.)
Study year
Bachelor, second year
Bachelor, third year
Master
Other (e.g., pre-master)
Age
20-22 years

Average grade
[3]

0.00006
(0.00009)

0.00005
(0.00009)
-0.01236
(0.02828)

-0.10785*
(0.06167)
-0.03502
(0.08485)
0.22238***
(0.07182)
0.06377
(0.07777)

-0.10930*
(0.06159)
-0.03707
(0.08501)
0.22160***
(0.07182)
0.06395
(0.07773)

-0.01249
(0.00853)
0.00103
(0.00570)
-0.00762
(0.00556)
-0.01616***
(0.00587)
-0.01657*
(0.00922)

-0.00047
(0.00599)
-0.00973*
(0.00530)
-0.01713***
(0.00603)
-0.01660*
(0.00920)

[4]

0.00669
0.00616
-0.13033**
-0.13067**
(0.00551)
(0.00551)
(0.05166)
(0.05181)
23-26 years
0.00552
0.00419
-0.15079***
-0.15201***
(0.00913)
(0.00923)
(0.05807)
(0.05836)
Older than 26 years
-0.00557
-0.00550
-0.04784
-0.04764
(0.00861)
(0.00864)
(0.06723)
(0.06701)
Female
-0.00525
-0.00489
0.04443
0.04460
(0.00321)
(0.00318)
(0.03255)
(0.03261)
First / second gen. immigrant
-0.01844***
-0.01779***
-0.08708**
-0.08634**
(0.00632)
(0.00619)
(0.03380)
(0.03373)
Province * study field (104)
yes
yes
yes
yes
Mun. mean income (4)
no
no
yes
yes
Mun. higher educated share (5)
yes
yes
yes
yes
Mun. immigrant share (4)
yes
yes
yes
yes
Mun. inhabitants (4)
yes
yes
no
no
Observations
2,857
2,857
2,857
2,857
Note: municipality-clustered standard errors between parentheses; *** p<0.01, ** p<0.05; *p<0.1.

Appendix 4.D: First stage regression results
Table 4.D1
Result first stage regression
Instrument (mean PT travel time to closest two university cities)
Linear effect up to 2.5 hours
0.311***
(0.074)
Dummy instrument > 2.5 hours
-0.748***
(0.103)
Study year
Bachelor, second year
-0.118***
(0.034)
Bachelor, third year
-0.170***
(0.044)
Master
-0.086**
(0.037)
Other (e.g., pre-master)
-0.003
(0.044)
Age
20-22 years
-0.041
(0.032)
23-26 years
-0.101***
(0.038)
Older than 26 years
-0.003
(0.047)
Female
0.027
(0.019)
First / second generation immigrant
0.053**
(0.025)
Province of origin * field of study (104)
yes
Mun. mean income (4)
yes
Mun. higher educated share (5)
yes
Mun. immigrant share (4)
yes
Mun. inhabitants (4)
yes
Observations
2,857
Note: commute time (in hours) is the dependent variable; the instrumental variable is the
mean public transport travel time from the municipality of origin to the closest two Dutch
university cities (in hours); municipality-clustered standard errors between parentheses; ***
p<0.01, ** p<0.05; *p<0.1.

Appendix 4.E: estimate on weekly hours present
Table 4.E1
Weekly hours present
Commute time (hrs.)
Study year
Bachelor, second year
Bachelor, third year
Master
Other (e.g., pre-master)
Age
20-22 years

OLS
[1]
-1.034***
(0.310)

[2]
-0.819**
(0.374)

IV
[3]
0.594
(1.098)

[4]
0.840
(1.739)

[5]
1.128
(1.818)

-0.995**
(0.491)
-3.404***
(0.550)
-4.157***
(0.527)
-4.148***
(0.601)

-0.934*
(0.550)
-3.589***
(0.605)
-4.133***
(0.609)
-4.078***
(0.683)

-0.803*
(0.479)
-3.161***
(0.583)
-4.062***
(0.520)
-4.175***
(0.619)

-0.748
(0.519)
-3.089***
(0.629)
-4.021***
(0.539)
-4.171***
(0.618)

-0.696
(0.535)
-3.128***
(0.674)
-4.194***
(0.581)
-4.359***
(0.647)

1.052**
1.135*
1.147**
1.139**
1.303**
(0.532)
(0.605)
(0.534)
(0.545)
(0.589)
23-26 years
0.248
0.301
0.453
0.461
0.732
(0.596)
(0.681)
(0.606)
(0.629)
(0.671)
Older than 26 years
-0.980
-0.991
-0.945
-0.935
-0.606
(0.838)
(0.924)
(0.817)
(0.829)
(0.884)
Female
-0.282
-0.325
-0.352
-0.335
-0.285
(0.398)
(0.444)
(0.402)
(0.404)
(0.410)
First / second generation immigrant
0.502
0.602
0.463
0.428
0.505
(0.445)
(0.477)
(0.435)
(0.444)
(0.446)
Province of origin (12)
yes
yes
yes
yes
no
Field of study (9)
yes
yes
yes
yes
no
Province of origin * field of study (104)
no
no
no
no
yes
Mun. mean income (4)
yes
no
no
yes
yes
Mun. higher educated share (5)
yes
no
no
yes
yes
Mun. immigrant share (4)
yes
no
no
yes
yes
Mun. inhabitants (4)
yes
no
no
yes
yes
Municipality dummies (334)
no
yes
no
no
no
Observations
2,857
2,857
2,857
2,857
2,857
Note: commute time has been instrumented in the IV estimates; municipality-clustered standard errors between
parentheses; *** p<0.01, ** p<0.05; *p<0.1.

Chapter 5

OWNERSHIP VERSUS ON-CAMPUS USE OF
MOBILE IT DEVICES BY UNIVERSITY
STUDENTS96

5.1 Introduction
The congestion externalities of the use of university computers by students are not reflected in
the pricing mechanism. Students use the university-provided computers for free, and the
demand for university computers peaks only during some very specific hours. Hence, students
overconsume university-provided desktops computers during peak hours, and universities
spend large amounts of money on computers which stand idle during large parts of the day.97
In addition, the absence of a pricing mechanism leads to hoarding externalities (see, Chapter
2). One way a university could go about internalising the IT costs to students would be to
96

This chapter is based on a paper which has appeared in Computers & Education (Kobus et al.,
2013c).
97
The average university computer is used for slightly less than 4 hours per day (Rietveld et al., 2009).
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price to the use of university computers. This however does not appear politically feasible.
Another way to internalise ICT costs, which will be the focus of the present Chapter, is to
employ student-owned mobile IT devices.
There has been a quick and recent upsurge of mobile IT devices like laptops, tablets
and smartphones (ITU, 2012; Disterer and Kleiner, 2013; Song, 2014). Ubiquitous mobile IT
devices allow universities to adopt Bring Your Own Device (BYOD) strategies. Universities
may, for example, abolish university computer labs and urge students to bring their own
mobile IT devices (Li and Newby, 2002; Lennon, 2012). This would lead to a much more
efficient use of space in university buildings. The latter policy has however been objected
from an equity viewpoint (e.g., Atkinson et al., 2005; Kirkwood and Price, 2005; Margaryan
et al., 2011).
Integration of Information Technologies (ITs) in higher education is not only
important for individuals who enjoy a higher quality of education (Peeraer and Van Pategem,
2010), it can even be argued that integration of ITs in (higher) education is beneficial for
societies at large. For example, Bloom et al. (2012) show that a good use of ITs is associated
with higher national productivity growth. As a result, for most (if not all) disciplines in higher
education, computers play an important role. Several studies exist on students’ use of
university-provided computer labs (e.g. Spennemann et al. 2007a; 2007b; Burke et al., 2008)
and wireless internet use on campuses (Henderson et al., 2008; Sevtsuk et al., 2009). We are,
however, aware of only a very limited literature on student ownership and use of mobile IT
devices. This is surprising, as students’ use of university-provided computers comprises only
a very small part of their total study-related computer use.98
The quick and recent upsurge of mobile IT devices is a relevant development for
education. On the downside, these devices can distract students during lectures (Fried, 2008;
98

For example, our survey information indicates that only 14% of study related computer use takes
place on university provided computers. See section 5.4 for information on the survey data.
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Wurst et al., 2008; Lauricella and Key, 2010). Mobile IT devices can also positively influence
the quality of education in several ways. For example, mobile IT devices enable students to
work on assignments and access information (including podcasts, see Evans, 2008) in a
manner that is not restricted by time and space (similarly, see Sarkar, 2012). Mobile IT
devices can also foster student peer-to-peer collaboration (Lauricella and Key, 2010).
Ubiquitous mobile IT devices allow universities to adopt Bring Your Own Device
(BYOD) strategies, which are in a way opposed to more traditional IT policies that rely on
university-provided desktops on campuses. One example of a BYOD strategy is abolishing
university computer labs and urging (or obliging) students to bring their own device. Student
computer labs are expensive to facilitate due to strong fluctuations in demand (Atkinson et al.,
2005). So, when (almost) all students own a mobile IT device, universities may abolish
computer labs in favour of student-owned device use (e.g., Li and Newby, 2002; Lennon,
2012).
Another example of a university BYOD strategy is further integrating student-owned
mobile IT devices during lectures. Teachers can incorporate mobile IT devices during lectures
in several ways. First, by means of an online application (app), student-owned IT devices can
be used for electronic voting, which can make lectures more engaging. Electronic voting can
also be a helpful tool for providing teachers and students with feedback on whether students
have understood the content of lectures. One advantage of electronic voting, compared to
voting by raising hands, is that students are not influenced by each others’ answers.
Particularly for large groups of students, electronic voting is also faster because votes do not
have to be counted manually. See, for example, King and Robinson (2009) for a more
elaborate discussion on electronic voting during lectures.
Second, laptops and tablets can be used to add practical elements to lectures, for
example, when students conduct computations on their own IT devices. When students do not
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own mobile IT devices, theoretical lectures and practical computer classes are usually strictly
separated for practical reasons, with practical lectures taking place exclusively in computer
labs. So, one potential advantage of ubiquitous IT device ownership is that teachers can more
easily combine theoretical explanations and practical exercises in one lecture.
Third, educational apps can be designed that suit a wide array of educational purposes
(e.g., Dickens and Churches, 2011; Peluso, 2012).
Despite these potential advantages, integration of student-owned devices during
lectures is still rather limited in most universities. It seems that the current generation of
students use mobile IT devices for virtually everything, but nonetheless, these devices are
rarely incorporated during lectures.
When making decisions on BYOD policies, IT practitioners and teaching staff face
uncertainty on how this would affect the ‘socio-economically weak segment of students’ (e.g.,
Margaryan et al., 2011; Atkinson et al., 2005; Kirkwood and Price, 2005). BYOD strategies
may in principle be unfavourable to groups of students who do not have access to these
technologies, but according to our knowledge, the literature only provides limited evidence on
this. Importantly, when educational attainment is divided among socio-economic lines,
BYOD strategies may, in principle, exacerbate these educational attainment differences when
access to mobile IT devices is also divided among the same socio-economic lines. For
example, when children with lower income parents have lower educational attainment (e.g.,
Chevalier et al., 2005), then BYOD strategies could even enlarge this gap when students with
lower income parents also have less access to mobile IT technologies.
The purpose of our current paper is to study to what extent different groups of students
are affected by university BYOD strategies. There are, in general terms, three main reasons
why a student may be negatively affected by university BYOD strategies: (i) the student has
no access to mobile IT technologies; (ii) the student finds it cumbersome to bring a laptop or
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tablet to the university; and (iii) the student has a preference for using university-provided
computers. In our current paper, in order to study students’ access to mobile IT technologies,
we will apply econometric modelling to test to what extent student income, parental income,
age, study-type, education type (e.g., law, economics), and origin of the student and parents
(i.e., Dutch, non-Dutch) affect ownership of laptops, tablets, and smartphones. All these
devices can access the internet and have much potential for integration in higher education,
although applications vary. For example, all three devices can be used for teacher-student
communication and electronic voting (which can be used to add an interactive element to
teaching), tablets and laptops may be handy for doing individual computations during
(practical) classes, but laptops in particular seem suitable for writing papers.
In our empirical procedure, we will first model ownership of each device separately,
and then model device ownership as bundled decisions (e.g., the student owns no mobile IT
device, the student owns all three of these mobile IT devices, etc.). In order to gain insight
into the students’ preference for bringing mobile IT devices to the university, we provide
descriptive statistics on the students’ current propensity for bringing mobile IT devices to the
university. In addition, we provide information on the reasons for bringing mobile IT devices
to the university, or rather leaving these devices at home. In order to study students’
preference for university-provided computers, we will provide descriptive statistics on the
extent to which students feel that they would be affected by the BYOD strategy of making
laptop use mandatory (and abolishing university computers). By focusing on both ownership
and use of mobile IT devices, we are able to show that ownership rates of mobile IT devices
are very high for all groups of students, but at the same time, students usually leave laptops
(arguably the best substitute for university computers) at home. So, although until now the
focus of the literature has been mainly on ownership of mobile IT devices, our results strongly
suggest that the willingness of students to bring these devices to the university (and use them
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as a substitute for university computers) is at present an equally, if not more important issue
for the implementation of university BYOD strategies.
We apply survey information on ownership and use of mobile IT devices by 3,132
students of a Dutch university in November 2011. In this university, computer labs are
available to all students, but the university also provides all facilities required by students who
prefer to use their own IT devices (e.g., wireless internet connection, sockets). Ownership of
mobile IT devices is not mandatory and the university does not push students to purchase
mobile IT devices. We find that different groups of students (e.g., with high or low student
income, high or low parental income, immigrant parents, sexes, etc.) differ in the ownership
of mobile IT devices, but the ownership rates are nonetheless high for all these groups. We
also find that students leave their laptops at home most of the time because they find it
cumbersome to carry a laptop. A large majority of students are opposed to the BYOD policy
of making laptop use mandatory and abolishing computer labs.
The structure of the remainder of the current chapter is as follows. Section 5.2
provides a literature review. Subsequently, section 5.3 discusses the empirical approach.
Section 5.4 discusses the survey data and provides descriptive statistics. In section 5.5, we
model mobile IT device ownership econometrically. Section 5.6 describes the propensity for
bringing mobile IT devices to the university. In addition, section 5.6 also discusses the
reasons why students bring a laptop or a tablet to the university, and the reasons for not
bringing a laptop to the university. Section 5.7 describes the students’ attitudes towards the
BYOD strategy of making laptop use mandatory, and Section 5.8 concludes.
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5.2 Literature review
Our current paper correlates with several branches of literature. First, our paper is related to
literature on IT use and educational attainment. This literature is ambiguous about the effect
of ITs on educational attainment in primary and secondary education. For example, Angrist
and Lavy (2002) find a negative effect of classroom computer use on student math scores of
4th grade students in Israel. Leuven et al. (2007) use a regression discontinuity design and find
a negative effect of computer subsidies on primary-school achievement (language, arithmetic,
and information processing). Goolsbee and Guryan (2006) study the effect of a US subsidy
for Internet and communication investments in schools, and find no significant effect on
students’ performance. Vigdor and Ladd (2010) find a negative effect of computer ownership
on secondary school performance in North Carolina on math and reading scores, which can be
attributed to displacement of social activities. However, other studies suggest the contrary.
For example, the findings of Haelermans and Blank (2012) suggest that IT innovations have a
positive effect on secondary school achievements. This result is in line with Banerjee et al.
(2005) for India, and Machin et al. (2007) for England, who also argue that these mixed
findings can be attributed to differences in ‘fertile background’ for making efficient use of IT
in education.99 Yet, according to our knowledge, the importance of ITs for higher education is
not (or hardly) disputed. In higher education, students learn essential computer skills that are
employed throughout their professional career (Lortie, 2002; So et al., 2012). Also the
importance of computers for, for example, communication, (scientific) information access,
and working on assignments (e.g., theses) in higher education is enormous. Examples of
studies that emphasise the importance of ITs for higher education include Sarkar (2012),
Tamim et al. (2011), and Nadira Banu Kamal and Thahira Banu (2010). Evans (2008)
99

See Kirkpatrick and Cuban (1998) for a meta analysis on computer use and underage student
performance.
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emphasises the importance of ITs for mobile- and e-learning. Furthermore, Fairlie (2012),
based on a randomised experiment, finds that computers positively influence (minority)
students’ performance.
Second, our current paper is related to the digital divide literature, which studies how
computer (e.g., Chinn and Fairlie, 2007; Fong, 2009; Vekiri, 2010; Padmanabhan and Wise,
2012), internet (e.g., Chinn and Fairlie, 2007; Fong, 2009; Sautter et al., 2010; Vekiri, 2010;
Talukdar and Gauri, 2011) and cell phone access (e.g., Buys et al., 2009; Fong, 2009) are
divided among socio-economic indicators such as income, race (US), immigrants (Europe),
and education level. As education is considered a crucial determinant for intergenerational
mobility in societies (Summers and Wolfe, 1977; Schütz et al., 2008), the importance of the
digital divide for educational equality in developing countries has also come to the fore in the
literature (e.g., Were et al., 2009; Padmanabhan and Wise, 2012).
Third, our paper is related to two papers on student mobile IT device ownership and
how these devices are used for learning. Jones et al. (2010) find considerable age differences
in new technology use for study and leisure, but they caution that also for the younger
generation of students, considerable differences in technology use persist. Margaryan et al.
(2011) study UK university students’ mobile IT device ownership and the way in which
digital technologies are employed for learning and socialising. The study finds high adoption
rates of laptops and cell phones, but their dataset dates from 2007 so smartphones and tablets
were left beyond their scope (smartphones were not common at this time, and tablets were
nonexistent). As variables that influence mobile IT technology adoption, the latter study
focuses on age and study-type, and it recommends further research on the effect of the socioeconomic background of students on the use of digital technologies, which is the aim of our
current paper. The present research will also focus on gender differences, which are
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considered potentially important in the literature (e.g. Kirkwood and Price, 2005, Jones et al.,
2010).

5.3 Empirical approach
Our current paper relies on quantitative and qualitative research techniques. We include
information on (log) student income, gender, and age as explanatory variables. We assume
that all covariates are exogenous (so there is no reversed causality of device ownership on
income, for example). Two reasons make this reversed causality possible. First, mobile IT
devices (in particular laptop computers) may be used as a tool to make money. This effect is
likely ignorable, because in the Netherlands employers typically provide employees with all
the ICT tools that are required to perform the tasks at hand. Another reason why this effect is
unlikely to be large is that only 1% of students do not own a computer (so computer
ownership can hardly be a competitive advantage in the labour market). Second, income
could, in principle, be endogenous when students work more hours for the purpose of buying
mobile IT devices, for example. This bias is also unlikely to be large, given the only very
small share of income that students spend on mobile IT devices. Suppose, for example, that
the purchase costs of one of these devices is €350 for 4 years. The costs of purchasing this
device are then only 1.2% of mean student income. Hence, our assumption on exogenous
income, which is commonplace in the economics literature, seems reasonable. Notice,
however, that if reversed causality exists, this would lead to an overestimate of the income
effect. So, we are on the conservative side when we conclude that income has a rather weak
effect on mobile IT device ownership, as we will do later.
We include information on immigrant status by including a foreign-born parent
dummy and a non-Dutch student dummy. We also include information on parental income
for two reasons. First, parental income is interesting in its own right when one considers
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parental income as an indicator of student socio-economic status. Second, not including
information on parental income may bias our estimates on the effect of student income on
device ownership, because higher income parents are more likely to buy mobile IT devices for
their children, so neglecting parental income may, in principle, result in an omitted variable
bias. A methodological difficulty here is that students are unlikely to be able to provide
reliable information on the incomes of their parents. Therefore, we use parental income
dependent scholarships as a proxy for parental income. These scholarships are discussed more
elaborately later. We control for household type (e.g., living with parents), number of years
studied, and study type (e.g., law, economics).
First, we will use binary probability models on laptop, tablet, and smartphone
ownership. We will then expand on these results by estimating multinomial models on the
probability that an individual owns a certain bundle (i.e., combination) of devices (e.g., no
mobile IT device; laptop, tablet, and smartphone, etc.).100 The advantages of this multinomial
approach are twofold. First, it allows for measuring the income elasticity for not owning any
of these mobile IT devices, which is a particularly relevant category because these students
are excluded from all BYOD activities. Second, it allows for distinguishing between students’
inferior and more preferred bundles of mobile IT devices.
We use logistic regression (logit) models in our application. Logit models have the
attractive feature that they enforce the predicted probabilities to be between 0 and 1 (linear
probability models, for example, do not have this feature). Another reason why researchers
typically prefer logit models is that the standard assumptions on the distribution of errors are
100

We have used multinomial logit models (rather than probit models) because it is not possible to
estimate multinomial probit models for this many alternatives. It appears that for the binary estimates,
logit and probit models give (almost) identical results. As an additional test, we have compared the
outcomes of tobit and probit models for a three alternative multinomial specification (i.e., owning no
mobile IT device, owning a laptop, tablet, and smartphone, or owning any other combination of
mobile IT devices.). Again, it appears that the outcomes of logit and probit models are (almost)
identical. It also appears that the probabilities of not owning a mobile IT device (or owning all three of
the devices) are the same for the three and seven bundles estimates. The latter results indicate that the
outcomes of our study are rather robust to the employment of logit rather than probit models.
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unlikely to hold for linear probability models (e.g., Verbeek, 2008). As the coefficients of
logit estimates are not straightforward to interpret, we will particularly emphasise the
predicted probabilities and mean marginal effects in the main text.
We will then provide information of a qualitative nature on students’ propensity for
bringing mobile IT devices to the university. We will also provide statistics on the reasons
why students decide to bring mobile IT devices to the university, or rather leave them at
home. In addition, we provide questionnaire information on students’ attitudes towards
making laptop use mandatory.

5.4 The data and descriptive statistics
In November 2011, 3,132 students from a Dutch university participated in an online survey
about ownership and use of laptops, tablets, and smartphones. The questionnaire also involves
questions about student characteristics (e.g., income, gender, study type, etc.). A
methodological difficulty with student income is that parents may help their children with the
expenses of books, tuition, rent for a student room, etc. In order to make as fair a comparison
as possible, students were asked to perceive these parental allowances as part of their
income. 101 Later, we will show that the reported student incomes, as well as the income
differences between student groups (i.e., sexes, age categories, housing situation), very
closely match the statistics by the National Institute for Family Finance Information.
Therefore, we find no evidence for systematic misreporting of income. 102 Questions on

101

The exact phrasing of the income question was as follows: "What is your net monthly income from
scholarships, job income, parental contribution, etc? In case your family helps pay for your studies
(e.g. via books, tuition, rent), please add an estimate of this amount to your income”. The
questionnaire was pre-tested by 14 students, and the students who pre-tested the questionnaire found
this question easy to understand and answer.
102
As an additional test, we have regressed income on all other explanatory variables (only the
scholarship dummies were not included due to potential endogeneity). Again, the results are very
much as expected, that is, student with parents born abroad are associated with somewhat lower
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income, scholarship, and origin (i.e., Dutch or non-Dutch) were non-compulsory as these
could be considered sensitive by some. Fortunately, the share of students that chose not to
answer these questions is only negligible.
Table 5.A1 provides information on the survey participant characteristics.
Participation in the survey was voluntary. Although self-selection would not (or hardly) affect
our econometric modeling (where we control for a variety of student characteristics), selfselection could potentially bias our descriptive results. However, we have several reasons to
believe that self-selection is not very important here. First, the shares of the faculties in the
survey seem to be very representative: none of the 13 faculties’ shares in the questionnaire
deviates more than 3 percent points from the real student share of this faculty. Second, the
higher share of female students coincides with the government statistics. Third, as we will
explain later, the income statistics strongly coincide with the statistics by the National
Institute for Family Finance Information. All in all, Table 5.A1 strongly suggests that the
group of students that participated in the survey is rather balanced.
As Table 5A1 shows, 96.3% of students reported information on their scholarship:
17.3% of students receive a complementary scholarship for lower income parents, and 44.6%
receive a standard scholarship, so the share of lower income parents is 27% (i.e., 0.17 / (0.17
+ 0.45). 103 Only 1.1% of students receive a different scholarship (mainly international
students).104 Furthermore, 13.7% receive only a loan by the Dutch government, and 23.3% of
students receive no scholarship.105

income, international students have much lower incomes, students living away from home have much
higher incomes, and incomes increase strongly (and significantly) with age. Law and economics
students have higher incomes than students from other faculties, ceteris paribus.
103
It is not possible to give a clear income threshold for complementary scholarships, as the parents’
capacity to pay for their children’s studies is also assessed based on, for example, the number of
siblings. Although students can also apply for complementary scholarships in case of a family dispute,
this is very rare, so complementary scholarships must be a good proxy for parental income.
104
In the empirical estimates, the categories ‘other scholarship’ and ‘no scholarship’ have been
merged (that is, these students receive no regular scholarship from the Dutch government), because
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In addition, 92.0% of students have reported information on their net monthly income
(categorical variable) from scholarships, parental allowances, and jobs. As expected for
students, incomes tend to be comparatively low: 87.3% reported an income lower than
€1,000. The average income is €587. Apart from these incomes, study loans are common.
Average incomes strongly vary over household types: €397 for living with parents, €655 for a
student house, and €784 for own house / apartment. Mean monthly income is €78 higher for
males than for females, and incomes strongly increase with age. The mean monthly incomes,
as well as the income differences between sexes and household types, strongly coincide with
the statistics of the National Institute for Family Finance Information (Van der Burg et al.,
2012).106 Tuition fees are the same for all students (except for non-Dutch students who pay a
slightly higher fee).107
Table 5.1 provides information on student income and mobile IT device ownership. As
illustrated, 83.8% of students have a laptop fully at their disposal and 3.7% share a laptop
with another person. This high laptop ownership rate is in line with previous studies (e.g.
Kennedy et al., 2008; Nagler and Ebner, 2009; Jones et al., 2010; Margaryan et al., 2011).108
including the estimates separately would result in very large standard errors. In the sensitivity analysis,
we show that including these categories separately hardly influences our point estimates.
105
Students may be non-eligible for scholarships when they are aged above a certain threshold, when
they are non-Dutch, or when they incur study delay, for example. In many cases these students are still
eligible for a study loan. Also, students may not want to apply for these scholarships because they
have to be repaid with interest if the study is not finished successfully.
106
The National Institute for Family Finance Information (NIBUD) reports a mean university student
income of €841, including study loans and parental allowances (Van der Burg et al., 2012, p. 18). The
latter study also indicates that students borrow on average €218 per month (i.e., 55% of students
borrows €396 on average, p. 41). So, the non-loan mean income reported by NIBUD is equal to €623,
which is much in line with the mean income reported in our survey. Note, however, that other studies
of the same institute report slightly higher average study loans (Nibud, 2010), in which case the mean
income reported in our survey is slightly higher than the NIBUD statistics. All in all, the incomes
reported in our survey match the NIBUD statistics very closely.
107
The higher fees will not bias our estimated income coefficient, because any systematic difference in
the way income is reported should be captured by the non-Dutch student dummy.
108
As an aside, it appears from the survey information that 91% of students who do not have a laptop
computer have a desktop computer, so the share of students that do not dispose of their own computer
(i.e., laptop, desktop, or tablet) is only 1%. This is important because it appears that only a very
marginal share of students is fully dependent on university-provided computers for working on
assignments (although some students may still be dependent on university computer labs due to
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Tablet ownership is less common: 7.2% of students own a tablet device fully and 3.7% share
this device with another person. As well, 67.9% of students own a smartphone.109 For all three
devices, Table 5.1 suggests a positive correlation between income and ownership rates.
Table 5.1
Descriptive statistics on income and ownership of mobile IT devices among students
Devices

Ownership

Freq

(%)

Mean income

Laptop

None
Shared
Full

390
117
2,625

12.5
3.7
83.8

533
539
597

Tablet

None
Shared
Full

2,789
117
226

89.0
3.7
7.2

577
593
707

1,006
2,126

32.1
67.9

536
611

No
Yes
Note: net monthly income in Euros

Smartphone

Table 5.2 provides descriptive statistics on income and ownership of IT device
bundles, which are exploited later in the multinomial logit estimate. Table 5.2 shows that
52.7% of students own a laptop and a smartphone (but no tablet), while 25.4% own only a
laptop (but neither a smartphone nor a tablet). As well, 3.1% of students own a device bundle
other than the ones listed in Table 5.2, that is, these students own a tablet but no laptop and/or
smartphone. Again, income and the number of devices owned are positively correlated.

software requirements, for example). This high computer (i.e., laptop or desktop) ownership rate is
consistent with earlier studies (e.g., Jones and Madden, 2002; Jones et al., 2010). We have asked
students about the reasons for owning neither a laptop nor a desktop computer. Of the 29 students who
do not own a computer, 12 reported that they have no need for one, 11 did not want to spend the
money, and 6 used to have a computer which got broken.
109
This result is much in line with Jones et al. (2010).
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Table 5.2
Descriptive statistics on income and ownership of mobile IT device bundles among
students
Freq

(%)

Mean income

No mobile IT device
Other bundle

138
98

4.4
3.1

507
519

Only laptop

796

25.4

541

Only smartphone

204

6.5

562

1,651

52.7

602

245

7.8

727

3,132

100

587

Smartphone and laptop
Smartphone, laptop, and tablet
Total

Notes:
1) net monthly income in Euros
2) ownership shares include shared devices

5.5 Econometric modelling of device ownership
5.5.1 Binary models
Table 5.A2 reports binary logit coefficients and marginal effects for mobile IT device
ownership. Here, ownership of each device is estimated in a separate model (rather than as
device bundles, as we will see later). It appears that the tablet ownership probability is lower
for students with lower-income parents (marginal effect -0.056, standard error 0.019),110 and
the lower-income parents dummy is non-significant for laptops and smartphones. It also
appears that students with immigrant parents have a lower probability of owning a laptop
computer (m.e. -0.053, s.e. 0.015), but a higher probability of owning a smartphone (m.e.

110

The marginal effect is the predicted change in probability given a one-unit change in the
explanatory variable. So, this particular marginal effect signifies that the probability of owning a tablet
is about 5.6 percent points lower for students with lower-income parents.
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0.090, s.e. 0.025). The coefficient of migrant parents is almost equal to zero (i.e. 0.001) for
tablet ownership, and hence non-significant.
Non-Dutch students less often own a smartphone (m.e. -0.110, s.e. 0.037). The latter
rather strong effect is likely because smartphone contracts usually have requirements on
country of residence, so the conditions of smartphone contracts may be less favourable to
foreign exchange students who do not intend to stay in the Netherlands for long. Students who
live in a student house have a lower probability of owning a tablet relative to the reference
group of living with their parents (m.e. -0.078, s.e. 0.017), but a higher probability of owning
a laptop computer (m.e. 0.063, s.e. 0.017). This is also likely because using a laptop computer
gives them more flexibility, for instance, to work on assignments when they visit their parents
over weekends. Females have a much higher probability of owning a laptop computer (m.e.
0.096, s.e. 0.013), but a lower probability of owning a tablet (m.e. -0.029, s.e. 0.013) and
smartphone (m.e. -0.038, s.e. 0.019).111 In addition, Table 5.A2 also suggests lower ownership
rates with age, conditional on log incomes.112
We are also particularly interested in the effect of income on mobile IT device
ownership, because mobile IT device ownership may, in principle, be strongly divided among
income lines when many students cannot afford to buy mobile IT devices. To illustrate the
effect of income on the probability of owning mobile IT devices, Figure 5.1 shows the
ownership probability, conditional on student income. All other covariates are kept at their
mean values in Figure 5.1. It appears from Figure 5.1 that the laptop ownership probability is
high for all incomes, and that the differences between income levels are small. For example,
the probability of owning a laptop is 0.873 given a net monthly income of €300, and 0.896

111

In line with Margaryan et al. (2011), we also find strong differences between study types in terms
of mobile IT adoption.
112
Although the age dummies are non-significant in Table 5.A2, we have also experimented with
including age as a linear variable, in which case the effect of age is significant at the 1% level for
laptop and smartphone ownership (and still non-significant for tablet ownership).
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given an income of €1,500, so the probability difference is rather small even when income
increases fivefold.113 The smartphone ownership probability increases slightly more steeply
with income. The smartphone ownership probability is equal to 0.661 given an income of
€300, and 0.742 given an income of €1,500. The tablet ownership probability is relatively low
for all income levels, but its relative increase is steeper: the probability of tablet ownership is
0.099 given an income of €300, but 0.146 given an income of €1,500 (an increase of 48%).

1
(laptop)

Ownership prob.

0,75

(smartphone)

0,5

0,25
(tablet)
0
200

400

600

800

1000

1200

1400

1600

Net monthly income (euro's)
laptop

tablet

smartphone

95% conf. interval

Fig. 5.1: Income and device ownership probabilities

Table 5.A4 reports income elasticities of the demand for the mobile IT devices. At a
mean income of €587, the probability of owning a laptop is equal to 0.878, and the marginal
effect of a 10% income increase is equal to 0.0014. 114 So at mean income, the income
elasticity for laptops is equal to 0.016 (i.e., 0.0014/0.878/0.1). This implies that the demand
for laptops is very income inelastic. Likewise, the income elasticity for smartphones is 0.073,

113
114

Table 5.A1 shows that these rather large income differences are not uncommon for students.
The marginal effect of a 10% income increase is equal to ln(1.1), multiplied by the marginal effect.
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which is also very low. The income elasticity for tablets is somewhat higher, although not
extremely so: the income elasticity for tablets is equal to 0.235.
5.5.2 Multinomial estimate (device bundles)
The current subsection extends on the results of the previous subsection by estimating a
multinomial logit model on the probability that the individual owns a certain combination of
devices. The results are given in Table 5.A3. The reference category is owning a laptop and
smartphone, but no tablet (this is the most frequently occurring combination of devices).
The alternative of owning none of the mobile IT devices is, in our opinion, a
particularly interesting alternative; these students would be affected by all BYOD strategies
because they have no IT device that can be brought to the university. The corresponding
coefficients are reported in Column [1] of Table 5.A3. It appears that students living in a
student house and females both have a 0.032 lower probability of owning none of the mobile
IT devices (both significant at p < 0.01). Scholarship type, immigrant parents, and studyphase have no significant effect on the probability of owning no mobile IT device. It appears
that age also has a significant effect on the probability that a student does not own mobile IT
devices. In particular, it appears that students aged over 27 have a 4.6% higher probability of
owning none of the mobile IT devices than the reference category of 17-20 years. The
probability of owning no mobile IT devices also varies rather strongly over study types.
Another interesting result in column [4] is that lower-income parents decrease the
probability of owning all three devices by 0.054 compared to the reference category of
owning only a laptop and a smartphone (p < 0.01). So, the result of Table 5.A3, that parental
income also influences tablet ownership, is maintained in the multinomial estimate. The
coefficients for other bundles (only laptop, only smartphone, other combination of mobile IT
devices) are also presented in Table 5.A3.
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Figure 5.2 reports the probabilities of ownership of different device bundles,
conditional on student income. It appears that the probabilities of owning the ‘laptop and
smartphone’ bundle and the ‘smartphone’ bundle are roughly invariant for different income
levels. This roughly invariant effect of income can partly be explained by competing effects
of income. 115 The probability of owning the ‘laptop’ bundle and ‘laptop and smartphone’
bundle decrease non-ambiguously with income. The probability of owning all three mobile IT
devices (i.e., a laptop, tablet, and smartphone) increases from 0.067 to 0.119 when income
increases from €300 to €1,500, which is also a likely result. As expected, the probability of
owning none of the mobile IT devices decreases with income, but not exceptionally. That is,
the probability of owning no laptop, tablet, or smartphone decreases from 0.047 to 0.030
when income increases from €300 to €1,500.

(lap. +smartph.)

Ownership prob.

0,5

0,25
(laptop)
(lap + tbl + sm)
(smartphone)
(no mob.IT dev.)

0
200

400

no device

600

800
1000 1200 1400 1600
Net monthly income (euro's)
sm+lap+tbl
lap
sm
sm + lap

Fig. 5.2: Income and device bundle ownership probabilities
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For example, higher incomes may induce some students to switch from ‘no device’ to the
‘smartphone’ bundle, whereas it may also induce other students with a smartphone to buy a laptop or
tablet, in which case they would switch to the ‘smartphone and laptop’ or ‘other’ bundles.
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5.3 Sensitivity analysis
As explained in section 5.4, it appears that the reported student incomes very strongly
coincide with Van der Burg et al. (2012), which strongly suggests that student incomes are
not systematically misreported. We have nonetheless conducted a sensitivity test on the
misreporting of study loans as income. Students who have only a study loan should certainly
borrow much more than students with other types of scholarships, in which case the
overestimate of the reported income should, to a certain degree, also be captured by the ‘only
a loan’ scholarship dummy. Therefore, we have re-estimated the models without scholarship
dummies and the income coefficient remained essentially unchanged, 116 which strongly
suggests that study loans were not systematically misreported as income. In our main
estimates, we have merged the ‘different scholarship’ with the ‘none of the above
scholarships’ category, because of the only very few observations of the former. So, we have
also re-estimated the model while including the ‘none of the above scholarships’ as a separate
category. This also hardly changed our results. Moreover, we have re-estimated our model
separately for students who live with their parents and students who live away from home.
Again, the results hardly differ (the probabilities of owning no mobile IT device are (almost)
identical, for example).117 Thus, our results are rather robust. More detailed results of our
sensitivity tests are available upon request.

116

I.e., point estimates for the (log) income coefficient of 0.123 (s.e. 0.079), 0.276 (s.e. 0.090), and
0.253 (s.e. 0.058) rather than 0.145 (laptops), 0.290 (tablets), and 0.256 (smartphones) for the binary
estimates.
117
The marginal effects of log income on the probability that a student owns none of the IT devices
are -0.0112 (s.e. 0.0092) for students who live with their parents, and -0.0114 (s.e. 0.0052) for students
who live away from home.
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5.6. Propensity for bringing devices to the university
In the preceding sections, we have shown that nowadays almost all students own mobile IT
devices. To further study the implications of this finding for higher education, the current
section provides descriptive statistics on how often these devices are brought to the university,
and for what reason. As mobile IT device ownership does not necessarily imply student
support for BYOD strategies, the next section will provide information on students' attitudes
towards the BYOD strategy of abolishing computer labs in favour of facilitating laptop use.
In the survey, we asked students how often they visited the university in the preceding
week (November 7 – 11, 2011), and how often they took a laptop or tablet with them. Based
on this information, we calculated the propensity of bringing these devices to the university.
The results are given in Table 5.3. It appears that laptop owners who share this device with
another person bring the laptop to the university 8% of the time (column [1]). Laptop owners
who do not share this device with another person (i.e., ‘full’ owners) bring the laptop to the
university much more often, namely 28% of the time. The mean propensity for bringing a
laptop is equal to 0.24 (including students who do not own laptops).
Column [2] shows that shared tablet owners bring the device to the university about
6% of the time, which is comparable to laptop owners. Full tablet owners bring this device to
the university exactly half of the time, but the mean propensity for bringing a tablet is equal to
0.04 (as only few students own tablets). Assuming that all smartphone owners bring a
smartphone to the university, the propensity for bringing at least one mobile IT device to the
university is equal to 0.75 (column [4]). The survey does not contain information about
bringing smartphones to the university, because it was assumed that students carry their
mobile phones with them about all the time.
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Table 5.3
Propensity for bringing mobile IT devices to university
[1]

[2]

[3]

[4]

Laptop

Tablet

Smartphone

Laptop, tablet, or smartphone

Shared owners
Full owners

0.08
0.28

0.06
0.50

-

-

All students

0.24

0.04

0.68

0.75

Notes:
1) ‘full’ owners are owners who do not share this device with another person
2) in columns [3] and [4], it is assumed that all smartphone owners bring this device to university
3) table based on the week of November 7 – 11, 2011

Students who indicated that they often bring a laptop or tablet to the university were
asked about the most important reasons for doing so. The results are given in Table 5.4. The
most important reason for bringing a laptop (column [1]) is comfort in use (72%), for
example, when students prefer to work on group assignments in the canteen (or similar
venues) rather than in computer labs. Also a better functionality (as compared to the
university-provided computers) (58%), convenience for short use (e.g., browsing the web for
information) (51%), and avoiding overcrowded university computer labs (39%) are important
reasons. As well, 33% of students gave an answer other than the forced choice options
provided in the questionnaire. The most important reason for bringing a laptop not included in
the forced choice options is taking notes during lectures (66%). Also access to own files and
programs (19%) and preference for a Macintosh operating system (4%) are important.
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Table 5.4
Most important reasons for bringing device to the university

Comfort in use (e.g., easy to use for group work)
Functionality better than university computers (e.g., applications, speed)
Wieldy for short use (e.g., quick search for information on web)
University computers often overcrowded
Reasons other than use at university (e.g., for use in train or elsewhere)
Fun-activities (e.g., games, music)
Insufficient information on availability of university computers
Other, namely... (open question)

[1]
Laptop (%)
72
58
51
39
19
17
7
33

[2]
Tablet (%)
61
38
81
26
31
39
5
30

Notes:
1) only applicable to students who regularly bring device to the university
2) the laptop question (column [1]) was answered by 659 students
3) the tablet question (column [2]) was answered by 115 students

Column [2] in Table 5.4 provides the most important reasons for bringing a tablet
device to the university, which are similar to the reasons for bringing a laptop, but some
differences are notable. In particular, it appears that the most important reason for bringing a
tablet to the university is that these devices are wieldy for short use. This is likely because
students often have to look up information on the internet (e.g., e-mail, Blackboard learning
environment). Fun-activities are also notably important for bringing a tablet to the university
(39%). The most important reasons for bringing a tablet not included in the forced choice
options are taking notes during lectures and reading course material on the tablet (this way,
students save on printing costs).
Table 5.5 reports the most important reasons for not bringing a laptop to the
university. By far the most important reason for not bringing a laptop is that it is cumbersome
to carry (87%). Other important reasons for leaving laptops at home are that students fear that
their laptop may get stolen (27%) or broken (18%). Other students leave laptops at home
because they find the university-provided desktop computers more comfortable / ergonomic
(18%). Also practical reasons are important for leaving laptops at home (e.g., printing or WiFi
connectivity problems).
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It appears that males bring laptops to the university much more often than females.

The propensity for bringing a laptop to the university is 0.34 for male and 0.24 for female
laptop owners. We cannot say with certainty why females bring their laptops less often, but
females more often reported ‘cumbersome to carry’ as an important reason for not bringing a
laptop to the university (89% of females vs. 83% of males who rarely bring the device).118
Students who brought a laptop to the university on a certain day used it on average 1.3
hours during lectures and 1.8 hours outside lectures at student workplaces. Students who
brought a tablet to the university used it 1.2 hours during lectures and 1.0 hour outside
lectures, on average.
Table 5.5
Most important reasons for not bringing laptop to the university

(%)

Cumbersome to carry a laptop
87
Afraid that laptop may get stolen
27
No access to printers at university
22
Desktop use more comfortable / ergonomic
18
Afraid that laptop may get broken
18
No access to campus WiFi
15
Insufficient laptop facilities at university (e.g., sockets, specially equipped desks)
11
Required software not on laptop
7
Technical specifications of laptop insufficient
6
Forgotten to bring laptop to university
2
Other, namely... (open question)
18
Notes:
1) based on responses of students who own a laptop, but rarely bring it to the university
2) the question was answered by 1,510 students; this is 55% of students owning a laptop

118

We have also regressed the propensity of bringing a laptop to the university on a series of control
variables, including study type and income. Also, this specification indicates that females have a 0.1
lower propensity for bringing a laptop to the university, everything else being equal. So, it appears that
this gender difference is not driven by differences in study type (or other confounding factors that we
can control for).
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5.7. Attitudes towards making laptop use mandatory
In the survey, we also asked the students about their opinion on making laptop use
mandatory.119 In order to make the BYOD trade-off clearer to students, we included three
examples of advantages (e.g., didactical advantages) and three disadvantages (e.g., costs
involved for students) of making laptop use mandatory in the phrasing of our question.
Students were also asked to indicate on a five-point Likert scale how large they thought the
consequences of making laptop use mandatory would be for them. For convenience, we will
interpret the first three categories in the Likert scale as ‘limited consequences’, that is, these
students contemplate small or ‘regular’ consequences of making laptop use mandatory, but no
‘large’ consequences. The outcomes of the questions about making laptop use mandatory are
presented in Table 5.6. Column [2] shows that 22.8% of students have a negative opinion on
making laptop use mandatory and envisage large consequences for them if this would be the
case. Column [3] shows that 39.5% of students think that making laptop use mandatory would
be a bad idea, but at the same time they contemplate ‘limited consequences’ for themselves if
this would be the case. Furthermore, column [4] shows that 17.8% of students are ‘neutral’
about making laptop use mandatory, and 20% hold the opinion that making laptop use
mandatory is a ‘good idea’ (column [5]).120 Furthermore, Table 5.6 shows that the differences
in attitudes towards making laptop use mandatory are very comparable for different groups of
students. However, we observe that students with immigrant parents reported large and
negative expected consequences slightly more often. This could, for example, be explained by
their lower propensity for owning laptop computers. As an alternative explanation, it may also
119

In particular, we asked about half of the students to react on the statement “making laptop use
mandatory is a good idea”, whereas the other half of students reacted on the statement “making laptop
use mandatory is a bad idea”. In the results presented later, we have reversed the Likert scale of the
‘bad idea’ group.
120
Of the students who believe that making laptop use mandatory is a good idea, 83% believe that
doing so would have ‘limited’ consequences for them. This may indicate that students do not believe
that the educational benefits of making laptop use mandatory will be very large.
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be the case that students with immigrant parents are more dependent on university computer
labs because their housing situation is different (immigrants more often live in the larger
cities, for example).

Table 5.6
Opinion on making laptop use mandatory
[1]
Student group
Nr. obs.
All students
3,132
Females
1,889
Income < €600
1,716
Lower income parents scholarship
522
Immigrant parents
573
Living away from home
1,833
Note: Columns [2] – [5] are percentages

[2]
Bad idea, large
consequences
22.8
24.1
23.8
24.3
26.5
22.4

[3]
Bad idea,
limited
consequences
39.5
39.8
38.5
39.9
34.4
40.6

[4]

[5]

Neutral

Good idea

17.8
18.2
17.3
15.5
19.9
17.4

20.0
18.0
20.4
20.3
19.2
19.7

5.8. Conclusion
In the current chapter, we have tested for the probability of owning laptops, tablets, and
smartphones for different groups of students. In addition, we have provided descriptive
statistics on the propensity for bringing these devices to the university and on the students’
opinion about making laptop use mandatory (and abolishing university computer labs). All of
these research topics are highly relevant for university Bring Your Own Device (BYOD)
strategies.
Ownership rates of laptops, tablets, and smartphones appear to be high. For example,
for a female student with a net monthly income of only €300 and whose parents are
immigrants with also a low income, the probability that she owns at least one of the mobile IT
devices is as high as 0.98. We have also shown that laptop ownership is extremely income
inelastic (i.e., elasticity equal to 0.016). The income elasticity for smartphones is also very
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low (i.e., 0.073), but the income elasticity for tablets is somewhat higher (i.e., 0.235). These
findings suggest that, even though the literature has previously expressed the concern that
BYOD strategies may affect the socio-economically weak segment of students
disproportionally (e.g., Margaryan et al., 2011; Atkinson et al., 2005; Kirkwood and Price,
2005), all students nowadays have a high probability of owning mobile IT devices, including
lower income students.
Another concern with university BYOD strategies is that it requires students to bring
mobile IT devices to the university. At present, students do not seem very enthusiastic about
bringing their mobile IT devices and thus they usually leave their laptops and tablets at home.
They only bring a laptop to the university one in four days because they find it cumbersome to
carry. As a consequence, students are rather lukewarm about the BYOD strategy of making
laptop use mandatory, despite the didactical advantages this may have for their education. It
thus appears that the need to bring devices to the university is a main disadvantage of BYOD
strategies for students.
In our current paper, we have tested for the probability of owning laptops, tablets, and
smartphones for different groups of students. In addition, we have provided descriptive
statistics on the propensity for bringing these devices to the university and on the students’
opinion about making laptop use mandatory (and abolishing university computer labs). All of
these research topics are highly relevant for university Bring Your Own Device (BYOD)
strategies.
Ownership rates of laptops, tablets, and smartphones appear to be high. For example,
for a female student with a net monthly income of only €300 and whose parents are
immigrants with also a low income, the probability that she owns at least one of the mobile IT
devices is as high as 0.98. We have also shown that laptop ownership is extremely income
inelastic (i.e., elasticity equal to 0.016). The income elasticity for smartphones is also very
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low (i.e., 0.073), but the income elasticity for tablets is somewhat higher (i.e., 0.235). These
findings suggest that, even though the literature has previously expressed the concern that
BYOD strategies may affect the socio-economically weak segment of students
disproportionally (e.g., Margaryan et al., 2011; Atkinson et al., 2005; Kirkwood and Price,
2005), all students nowadays have a high probability of owning mobile IT devices, including
lower income students.
Another concern with university BYOD strategies is that it requires students to bring
mobile IT devices to the university. At present, students do not seem very enthusiastic about
bringing their mobile IT devices and thus they usually leave their laptops and tablets at home.
They only bring a laptop to the university one in four days because they find it cumbersome to
carry. As a consequence, students are rather lukewarm about the BYOD strategy of making
laptop use mandatory, despite the didactical advantages this may have for their education. It
thus appears that the need to bring devices to the university is a main disadvantage of BYOD
strategies for students.
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Scholarship type

Net monthly income

Table 5.A1
Descriptive statistics on student characteristics
Freq.

Valid percent

Cum.(%)

< € 200
€ 200 - 400

418

14.5

14.5

685

23.8

38.3

€ 400 - 600

613

21.3

59.5

€ 600 - 800

451

15.6

75.2

€ 800 - 1000

349

12.1

87.3

€ 1000 - 1200

146

5.1

92.3

€ 1200 - 1400

74

2.6

94.9

€ 1400 - 1600

45

1.6

96.5

> € 1600

102

3.5

100

Missing

249

8.0

-

1,346

44.6

44.6

Complementary scholarship (lower income parents)

522

17.3

61.9

Only a loan (no other scholarship)

413

13.7

75.6

Different scholarship

32

1.1

76.7

None of the above

704

23.3

100.0

Missing

115

3.7

-

2,324

74.8

74.8

Dutch student, with at least one parent born abroad

573

18.4

93.3

International (non-Dutch) student
Missing

209

6.7

100.0

Standard scholarship

Sex

Living sit.

Origin

Dutch student, with both parents born in Netherlands

26

0.83

-

1,213

38.7

38.7

Student house

944

30.1

68.9

Own house / apartment (rented or bought)

889

28.4

97.3

Other

86

2.8

100.0

Female

1,889

60.3

60.3

Male

1,243

39.7

100.0

717

22.9

22.9

nd

457

14.6

37.5

rd

537

17.2

54.6

1,097

35.0

89.7

324

10.3

100.0

Living with parents / guardians

Study year

1st year bachelor
2 year bachelor
3 year bachelor
Master
Other (e.g., pre-Master)

Table 5.A2
Binary logit estimate on device ownership of students
Device

[1]
Laptop

[2]
Tablet

coef.
m.e.
coef.
m.e.
0.145*
0.015*
0.290***
0.027***
(0.080)
(0.008)
(0.091)
(0.009)
Scholarship type dummies (‘standard’ scholarship omitted)
Lower-income parents
0.181
0.018
-0.594***
-0.056***
(0.175)
(0.018)
(0.197)
(0.019)
Loan
-0.328
-0.033
-0.468*
-0.044*
(0.227)
(0.0230)
(0.257)
(0.024)
No scholarship / other
-0.038
-0.004
-0.104
-0.010
(0.222)
(0.022)
(0.225)
(0.021)
Origin dummies (Dutch with both parents born in NL omitted)
Dutch with foreign-born
-0.520***
-0.053***
0.008
0.001
(0.145)
(0.015)
(0.165)
(0.016)
Non-Dutch
0.351
0.035
-0.508
-0.048
(0.338)
(0.034)
(0.348)
(0.033)
Household dummies (lives with parents / other omitted)
Student house
0.621***
0.063***
-0.835***
-0.078***
(0.168)
(0.017)
(0.185)
(0.017)
Own house / apartment
0.541***
0.055***
-0.213
-0.020
(0.174)
(0.018)
(0.174)
(0.016)
0.947***
0.096***
-0.314**
-0.029**
Female dummy
(0.131)
(0.013)
(0.136)
(0.013)
Age dummies (< 20 years omitted)
20 - 22 years
0.099
0.010
-0.246
-0.023
(0.200)
(0.020)
(0.209)
(0.020)
23 - 26 years
0.013
0.001
-0.283
-0.027
(0.255)
(0.026)
(0.269)
(0.025)
27 – 34 years
-0.444
-0.045
-0.063
-0.006
(0.319)
(0.032)
(0.332)
(0.031)
Study-phase dummies (1st year of bachelor omitted)
Bachelor (2nd year)
-0.308
-0.031
0.067
0.006
(0.197)
(0.020)
(0.207)
(0.019)
Bachelor (3rd year)
-0.297
-0.030
0.084
0.008
(0.231)
(0.023)
(0.244)
(0.023)
Master
0.184
0.019
0.025
0.002
(0.233)
(0.024)
(0.241)
(0.023)
Other (e.g., pre-Master)
0.096
0.010
0.158
0.015
(0.291)
(0.029)
(0.295)
(0.028)
yes
yes
Education type dummies
Observations
2,825
2,825
Notes:
1) column ‘m.e.’ reports mean marginal effects
2) *** p<0.01, ** p<0.05, * p<0.1.
Log net monthly income, €

[3]
Smartphone
coef.
m.e.
0.256***
0.052***
(0.059)
(0.012)
0.187
(0.127)
0.061
(0.162)
-0.267*
(0.154)

0.038
(0.025)
0.012
(0.033)
-0.054*
(0.031)

0.442***
(0.122)
-0.541***
(0.184)

0.090***
(0.025)
-0.110***
(0.037)

-0.151
(0.114)
-0.034
(0.123)
-0.189**
(0.095)

-0.031
(0.023)
-0.007
(0.025)
-0.038**
(0.019)

0.124
(0.148)
0.253
(0.184)
-0.187
(0.235)

0.025
(0.030)
0.051
(0.037)
-0.038
(0.048)

-0.151
(0.149)
-0.321*
(0.168)
-0.217
(0.166)
0.107
(0.208)

-0.031
(0.030)
-0.065*
(0.034)
-0.044
(0.034)
0.022
(0.042)

yes
2,825

Table 5.A3
Multinomial logit estimate on ownership of device bundles among university students
[1]
[2]
[3]
[4]
No device
Smartphone
Laptop
Laptop, smartphone,
coef.
m.e.
coef.
m.e.
coef.
m.e.
coef.
m.e.
Log net monthly income, €
-0.313**
-0.011**
-0.007
0.002
-0.224*** -0.041***
0.335***
0.029***
(0.122)
(0.005)
(0.113)
(0.006)
(0.066)
(0.011)
(0.112)
(0.008)
Scholarship type dummies (‘standard’ scholarship omitted)
Lower-income parents
-0.659**
-0.019
-0.242
-0.003
-0.221
-0.011
-0.889*** -0.054***
(0.329)
(0.013)
(0.224)
(0.013)
(0.137)
(0.023)
(0.253)
(0.017)
Loan
0.399
0.020
0.171
0.016
-0.185
-0.027
-0.418
-0.027
(0.361)
(0.014)
(0.295)
(0.017)
(0.181)
(0.031)
(0.296)
(0.020)
0.292
0.010
-0.156
-0.012
0.207
0.037
-0.106
-0.011
No scholarship / other
(0.350)
(0.014)
(0.304)
(0.017)
(0.172)
(0.029)
(0.267)
(0.018)
Origin dummies (Dutch with both parents born in NL omitted)
Dutch with foreign-born
0.096
0.009
0.498***
0.037***
-0.580*** -0.109***
-0.195
-0.008
(0.247)
(0.010)
(0.189)
(0.011)
(0.144)
(0.024)
(0.204)
(0.014)
Non-Dutch
0.276
0.010
-0.590
-0.039
0.461**
0.095***
-0.494
-0.040
(0.458)
(0.018)
(0.555)
(0.032)
(0.199)
(0.033)
(0.433)
(0.030)
Living situation dummies (lives with parents / other omitted)
Student house
-0.901*** -0.032***
-0.493**
-0.021*
0.185
0.070***
-0.949*** -0.062***
(0.292)
(0.012)
(0.217)
(0.012)
(0.127)
(0.021)
(0.223)
(0.015)
-0.363
-0.011
-0.668***
-0.036**
0.001
0.020
-0.309
-0.016
Own house / apartment
(0.268)
(0.011)
(0.239)
(0.014)
(0.139)
(0.023)
(0.205)
(0.014)
-0.861*** -0.032*** -0.966*** -0.054***
0.254**
0.076***
-0.348**
-0.019*
Female dummy
(0.208)
(0.008)
(0.176)
(0.010)
(0.109)
(0.018)
(0.162)
(0.011)
Study-phase dummies (1st year of bachelor omitted)
Bachelor (2nd year)
0.184
0.003
0.584**
0.031**
0.112
0.006
0.055
-0.003
(0.328)
(0.013)
(0.264)
(0.015)
(0.171)
(0.029)
(0.248)
(0.017)
0.031
-0.006
0.570*
0.027
0.345*
0.046
-0.043
-0.015
Bachelor (3rd year)
(0.371)
(0.015)
(0.315)
(0.018)
(0.189)
(0.032)
(0.287)
(0.019)
-0.406
-0.019
0.072
0.002
0.225
0.040
-0.200
-0.019
Master
(0.364)
(0.014)
(0.320)
(0.018)
(0.187)
(0.032)
(0.280)
(0.019)
Other (e.g., pre-Master)
-0.712
-0.028
0.217
0.016
-0.150
-0.026
-0.256
-0.017
(0.474)
(0.019)
(0.388)
(0.022)
(0.235)
(0.040)
(0.342)
(0.023)
yes
Education type dummies
yes
Age dummies (4)
Observations
2,825
Note: ‘laptop and smartphone’ baseline category; column ‘m.e.’ reports mean marginal effects; *** p<0.01, ** p<0.05, * p<0.1
Device

[5]
Other

coef.
-0.133
(0.160)

m.e.
-0.003
(0.004)

-0.393
(0.311)
-0.756
(0.545)
0.062
(0.424)

-0.006
(0.009)
-0.020
(0.016)
0.000
(0.012)

0.234
(0.279)
0.045
(0.596)

0.010
(0.008)
0.000
(0.017)

-0.649**
(0.329)
-0.255
(0.329)
-0.432*
(0.253)

-0.015
(0.009)
-0.004
(0.009)
-0.010
(0.007)

0.421
(0.369)
0.998**
(0.465)
0.848*
(0.477)
1.190**
(0.585)

0.009
(0.010)
0.025*
(0.013)
0.024*
(0.014)
0.037**
(0.017)

Table 5.A4
Income elasticities (separate models)
Ownership probability
m.e. 10% income increase
Income elasticity

Laptop

Tablet

Smartphone

0.8782
(0.0060)

0.1097
(0.0058)

0.6818
(0.0085)

0.0014

0.0026

0.0050

(0.0008)

(0.0008)

(0.0011)

0.0158

0.2354

0.0727

Notes:
1) standard errors between parentheses
2) probabilities and marginal effects calculated for mean of covariates

Chapter 6

CONCLUSIONS

The present dissertation consisted of four essays, in which revealed preference analyses were
applied to study whether use of public facilities is efficient. The policy objective of the essays is
to come up with recommendations for optimising the use of public facilities.
Chapter 2 related to congestion externalities of university computer use. Congestion may
induce incumbent computer users to lengthen their use duration, to reserve a place for later. We
have tested for this hoarding behaviour using administrative data on the use of university
computers by students. We have shown that computer occupancy rates have a strong and positive
effect on computer use duration. In particular, our results showed that the congestion elasticity of
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computer duration is about 0.61. We have investigated several alternative explanations for this,
but the latter result appeared to be mainly driven by hoarding behaviour.
Hoarding behaviour presumably leads to considerable welfare losses, because current
users with a low (or zero) demand overconsume the good, at the expense of potential new users
with a higher demand. A longer computer duration increases congestion, so hoarding creates
congestion externalities to new users, in particular during peak-hours. This suggests that there
are substantial welfare losses due to hoarding. Our findings on computer hoarding favour
congestion pricing of computer use (as suggested in the context of parking by Vickrey in 1954).
Because congestion pricing may be difficult to implement for university computers, a secondbest policy which puts limits on computer duration might be considered, despite the other
inefficiencies created by such limits (Calthrop, 2001; Arnott and Rowse, 2009b). A third
potential way to deal with university computer hoarding is to ask students to bring their own
mobile IT devices. This was the focus of Chapter 5.
Chapter 3 introduced a methodology to estimate the effect of parking prices on car
drivers' choice between street and garage parking. The methodology was applied during daytime
hours to an area where cruising for parking is absent, street parking is ubiquitous and garage
parking is discretely located over space. So, in this area, the average distance to the final
destination is longer for garage parking than for street parking. We found that drivers are willing
to pay a premium for street parking which ranges from € 0.37 to € 0.60.
Given a parking duration of one hour, the demand for street parking is price elastic: the
price elasticity of demand for the share of street parking is -5.5. However, this price elasticity is
much smaller for shorter parking durations. Our estimates imply that even small reductions in
street parking prices induce a strong increase in the stock of cars parked on-street. Our estimates
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also imply that a policy which contains a street premium (so street prices exceed garage prices) is
welfare improving, because drivers with longer parking durations are induced to use parking
locations that are, on average, farther away. Therefore, this policy reduces total walking time.
Chapter 4 studied the effect of student commute time on university presence and
academic achievement. Many governments in the world subsidise university education because
social returns to education are expected (Rauch, 1993; Moretti, 2004). Chapter 4 did not aim to
provide a full cost-benefit analysis on subsidising university education, but it has important
implications for the way in which governments should subsidise university education. Chapter 4
developed a theoretical model which predicted that students with a longer commute time (i) visit
the university less often, but (ii) conditional on visiting the university on a given day, students
with a longer commute time stay longer. This model also predicted that (iii) the weekly hours
present remain the same, while (iv) academic achievement falls with commuting time. This
result is intuitive, because by coming less often and staying longer, students with longer
commutes use their time at the university less efficiently. Chapter 4 then tested for these
predictions using information on Dutch university students. It appears that above theoretical
predictions are true in our data. To be more specific, it appears that an additional hour of oneway commuting time induces students to reduce their presence by 0.65 days per week. Although
total time present per week therefore hardly depends on commute time, we have evidence that
students with long commute times have lower average grades, but the magnitude of this effect is
unclear.
The finding that student commute time decreases student productivity (at least to some
extent) has interesting implications for government and university policies, because student
commute times are often explicitly, but also implicitly, affected by these policies. Our finding
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that commute time decreases academic achievement suggests that subsidizing education through
public transport subsidies (as occurs in the Netherlands and Germany, for example), is likely less
efficient than subsidising university education in other ways (e.g., lowering tuition fees). The
opposite should hold true for subsidies for university accommodation close to the university.
Chapter 5 was about student ownership and on-campus use of mobile IT devices like
laptops, tablets, and smartphones. The upsurge of mobile IT device ownership among university
students may potentially have important implications for the supply of university IT facilities.
Chapter 2 has shown that free provision of university computers leads to inefficiencies like
university computer hoarding during peak moments. Clearly, a good case could be made for
university Bring Your Own Device (BYOD) strategies for an efficiency point of view. From an
equity viewpoint, IT practitioners and teaching staff still have many uncertainties regarding
university BYOD strategies. For example, it is not known how university BYOD strategies
would affect in particular the ‘socio-economically weak segment of students’ (e.g., Atkinson et
al., 2005; Kirkwood and Price, 2005; Margaryan et al., 2011). There are, in general terms, three
main reasons why a student may be negatively affected by university BYOD strategies: (i) the
student has no access to mobile IT technologies; (ii) the student finds it cumbersome to bring a
laptop or tablet to the university; and (iii) the student has a preference for university computers.
Using (binary and multinomial) logit models, Chapter 5 tested to what extent student income,
parental income, gender, being of immigrant origin and living situation (e.g., living with parents)
have an effect on laptop, tablet, and smartphone ownership. In addition, Chapter 5 studied the
propensity of bringing these mobile IT devices to the university, and the attitudes of students
towards making laptop use mandatory. It appears that student income, parental income, gender,
second generation immigrant, and household type (e.g., living with parents) have a statistically
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significant but small effect on mobile IT device ownership. The demand for tablets is relatively
income inelastic, and the demand for laptops and smartphones extremely so. Therefore
ownership rates are high for all student groups, including lower income students. However,
students leave their laptops (and tablets) at home most of the time, mainly because they find it
cumbersome to carry a laptop, and the vast majority of students hold the opinion that abolishing
computer labs while facilitating laptop use is a bad idea, despite the didactical advantages this
may have during lectures. Thus, it appears that the current high ownership rates of mobile IT
devices by no means imply students’ preference or support for university Bring Your Own
Device (BYOD) strategies. Hence, even though a good case could be made for BYOD strategies
from an efficiency viewpoint, several important objections need to be taken into account from
practical perspective.
The present dissertation has focused on rather diverse kinds of (semi-) public facilities,
which were either (i) priced (parking spaces), (ii) non-priced (university computers), or (iii)
indirectly priced (university facilities). In the present dissertation, I have analysed the
consequences of (not) pricing these facilities in an adequate way. In case of parking and
computer use, a too low price leads to hoarding, which is inefficient. In case of university
facilities, subsidies to commute travel may have the unintended effect that students will choose
residence locations farther from universities, which reduces the optimal use of university
facilities and therefore their grades (at least to some extent).
University facilities (including university computers) and parking spaces have in
common that they require substantial investments that are largely irreversible, which implies that
these facilities are of little value when not used. This is an important issue particularly because
the demand for the facilities may change over time and is often highly uncertain at the moment
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of investment. For example, the use of (semi-) public computers depends strongly on the
availability of substitutes, most notably mobile IT devices.
In the empirical studies of this dissertation, the supply of public facilities was typically
regarded as given. It was shown that policy makers can steer public facility use to a considerable
extent. This indicates that it is often prudent not to make too large investment in the supply of
public infrastructure. In case that demand is larger than expected, the policy maker may increase
the price of facility use. When it turns out that there is structural excess demand for the use of the
public facility, then the high price will be an indicator to justify additional investments in the
supply of the public facility. In case the demand is lower than expected, additional investments
are not necessary, of course. In extreme cases, the price of good use can be reduced towards
zero.
The pricing of public facilities is not always a popular measure, and may lead to
resistance. Not seldom, equity arguments are used to oppose the pricing of public facilities.
Policies regarding mandatory use of laptops are sometimes regarded as unfair, because students
with lower incomes supposedly cannot afford laptops (Atkinson et al., 2005; Kirkwood and
Price, 2005; Margaryan et al., 2011). This turns out to be untrue because, in the present
dissertation, I have shown that the demand for laptops is rather income inelastic. Similarly,
subsidies to parking are usually seen as a way to help poor car drivers, while most car drivers are
relatively rich, so most subsidies to parking benefit the rich (Shoup, 2005).
The outcomes of the present dissertation can be used to make a case in favour of pricing
of public facility use, in particular when facility use leads to externalities to the general public.

Chapter 7

REFLECTION ON DATA

In the empirical chapters, I have relied exclusively on revealed preference data. Two of the
empirical chapters have relied on administrative data (one chapter on computer log information
and another chapter on administrative parking data), whereas two other chapters have relied on
large-scale online survey data. The comparatively easy accessibility of this large-scale revealed
preference data is relatively novel. Due to computerisation, this type of administrative data are
nowadays much more ubiquitously available then, say, two or three decades ago. Cell phones,
highway cameras, public transport cards (OV-chipkaart), discount cards of stores: all of these
purposefully on non-purposefully collect data on large groups of individuals. The present
dissertation has shown that these large-scale data can be easily applied to study facility use and
work towards more efficient use of public facilities. Important advantages of employing
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administrative data are a presumed absence of a strategic behaviour biases (as people are likely
not even aware that their data is employed for research purposes), and the relatively low costs for
collecting large datasets in this fashion. Hence, from a research viewpoint, large-scale
administrative data have many advantages. Some people would have privacy concerns with the
use of large-scale administrative data for economic research. I guess that the extent to which
similar administrative data should be used for (economic) research purpose is a question that will
be answered by societal debate in the coming decades.
I am pleased with the quality of the administrative data used in Chapter 2 and Chapter 3.
Since the collection of these data have been automatized by UC-IT and Spark, I believe that it
would be fair to state that these data should be accurate. The use of administrative data also has
an important advantage in terms of representativeness of the sample: no student will log on to
university computers without being observed, and no car driver would park in Almere without
being observed. Of course, some drivers may park on-street without paying, but I felt that it was
comparatively easy to deal with this issue.
Chapter 4 and Chapter 5 are based on a large-scale questionnaire, which I conducted
among students of the VU University. About 15 percent of students filled out this questionnaire,
so there is a risk that students might have selected themselves into filling out the questionnaire.
In Chapter 5, I have extensively examined whether students who filled out the questionnaire
were different from the general student population in terms of socio-economic composition, and
found no evidence for this. In addition, in Chapter 4 and Chapter 5, I have included many student
controls, which makes it even more unlikely that the results be biased due to student selfselection into filling out my questionnaire.
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Samenvatting (summary in Dutch)

Economische studies naar het gebruik van publieke voorzieningen
Dit proefschrift bestaat uit verschillende essays waarin wordt onderzocht hoe mensen zich
gedragen tijdens het gebruik van (semi-) publieke voorzieningen. Hierbij heb ik mij gericht op
gedrag dat kan worden beïnvloed door beleidsmakers, in het bijzonder door het gebruik van
prijsinstrumenten. Het beleidsdoel van alle empirische hoofdstukken is om te komen tot een
meer optimaal gebruik van (semi-) publieke voorzieningen. Een belangrijke reden waarom de
beprijzing van (semi-) publieke voorzieningen vaak niet optimaal is, is dat de externe effecten
van het gebruik van deze voorzieningen niet worden gereflecteerd in het prijsmechanisme
(Rothenberg,1970; Arnott and McMillen, 2006; Button, 2010). Daarnaast kan een lage prijs
voor voorzieningengebruik leiden tot overconsumptie.
Het proefschrift richt zich op sterk uiteenlopende (semi-) publieke voorzieningen. Het
gebruik van deze voorzieningen is (i) ongeprijsd (universiteitscomputers), (ii) beprijsd
(parkeerplaatsen) en (iii) indirect beprijsd (voorzieningen in universiteiten).
Het ongeprijsd laten van universiteitscomputers kan leiden tot hoarding gedrag.
Hoarding houdt in dat gebruikers een voorziening bezet houden, met als doel een plaats te
reserveren voor later. Dit hoarding gedrag wordt in de populaire media ook wel
‘handdoekjes’ gedrag genoemd, verwijzend naar het fenomeen waarbij mensen strandstoelen
bezet houden door er handdoeken en andere persoonlijke bezittingen op te leggen (b.v.
Hazevoet, 2014; Rosman, 2014). Hoarding is een breed fenomeen dat zich bijvoorbeeld
voordoet bij parkeerplaatsen (Shoup, 2005, p. 443), landrechten op luchthavens (Doganis,
2002) en dus ook bij universiteitscomputers voor studenten (Straathof, 2011). Wanneer er in
een bepaalde wijk een grote latente vraag is naar parkeerplaatsen, dan zullen bestuurders die
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geparkeerd staan minder vaak met de auto weggaan uit angst om hun parkeerplaats te
verliezen (Shoup, 2005, p. 443).
Hoofdstuk 2 gaat over hoarding gedrag bij het gebruik van universiteitscomputers.
Congestie kan huidige gebruikers aansporen computers langer te blijven gebruiken, om op
deze manier een plaats te reserveren voor later. Hoofdstuk 2 test voor hoarding gedrag op
basis van administratieve data over het gebruik van universiteitscomputers door studenten.
We laten zien dat de bezettingsgraad een sterk en positief effect heeft op de duur van
computergebruik. De congestie elasticiteit van computerduur is ongeveer 0.57. Hoofdstuk 2
test ook voor een aantal alternatieve verklaringen, maar onze resultaten lijken vooral door
hoarding verklaard te worden. Naar het zich doet aanzien leidt hoarding gedrag tot
aanzienlijke welvaartsverliezen, omdat gebruikers met een kleine vraag (of géén vraag)
overconsumeren, ten koste van potentiele nieuwe gebruikers met een (veel) grotere vraag. Dit
probleem doet zich voor precies tijdens piekmomenten, wanneer de vraag het grootst is. Onze
bevindingen met betrekking tot computer hoarding pleiten voor het beprijzen van
computergebruik, als bepleit in de context van parkeerplaatsen door Vickrey (1954). De
hoarding externaliteiten kunnen ook worden opgelost door studenten te vragen eigen mobile
IT devices (laptops, tablets, smartphones) mee te nemen naar de universiteit. Dit is de focus
van Hoofdstuk 5.
Hoofdstuk 3 gaat over het optimaal beprijzen van straat parkeren, ten opzichte van
garage parkeren. In de Verenigde Staten bijvoorbeeld is parkeren op straat over het algemeen
goedkoper dan in een parkeergarage (Shoup, 2005; Arnott en Rowse, 2009a). Dit leidt tot
overbezetting van straat parkeerplaatsen en tot bestuurders die ‘rondjes rijden’ op zoek naar
een beschikbare parkeerplaats op straat. Dit rondjes rijden - in de Engelstalige literatuur
cruising genoemd - leidt tot externe effecten als verkeerscongestie, luchtvervuiling en
regelmatig tot verkeersongelukken (Shoup, 2005).

155

Hoofdstuk 3 introduceert een methodologie om het effect van parkeerprijzen te
schatten op de keuze tussen parkeren in een garage of op straat. De methodologie wordt
toegepast op een gebied waarin parkeerplaatsen op straat wijdverspreid zijn, maar het aantal
parkeergarages is beperkt. Hierdoor is de gemiddelde loopafstand tot de eindbestemming
korter voor straat parkeerplaatsen. We vinden een betalingsbereidheid voor straatparkeren in
de range van € 0.37 tot € 0.60. De prijselasticiteit is logischerwijs een stuk lager voor korte
parkeerduren. Dit betekent dat zelfs kleine reducties in het straattarief een relatief groot effect
hebben op het aantal op straat geparkeerde auto’s. Een toeslag voor op straat parkeren is dus
welvaartsoptimaal, omdat dit in het bijzonder bestuurders met relatief lange parkeerduren
aanspoort om in de verder weg gelegen parkeergarages te parkeren. Dit minimaliseert de
totale loopafstand.
Hoofdstuk 4 bestudeert het effect van reisduur op de studieresultaten van
universiteitsstudenten. Ons theoretisch model voorspelt dat studenten met een langere
reisduur naar de universiteit (i) minder vaak naar de universiteit komen, maar (ii) wanneer
studenten met een langere reisduur aanwezig zijn op de universiteit, dan blijven ze ook langer.
Het model voorspelt ook dat (iii) het totaal aantal uren aanwezig op de campus (b.v. per
week) onafhankelijk is van de reisduur, maar (iv) studieresultaten verminderen als gevolg van
een langere reisduur. Dit resultaat is in lijn met intuïtie, want door minder vaak te komen en
langer te blijven gebruiken studenten met een langere reisduur de tijd in de universiteit minder
efficiënt.
Bovenstaande voorspellingen zijn empirisch getest met behulp van enquêtegegevens
over Nederlandse universiteitsstudenten. Onze data bevestigen de theoretische voorspellingen.
Om precies te zijn blijkt uit de empirische resultaten dat een extra uur reizen (enkele reis) de
aanwezigheid op de campus doet afnemen met 0.65 dagen per week. Hoewel reisduur geen
effect heeft op het aantal uren aanwezig per week, laten onze empirische resultaten zien dat
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studenten met een langere reisduur lagere gemiddelde cijfers halen. De grootte van dit effect
is echter nog onduidelijk in onze schattingen.
De reisduur van studenten wordt sterk beïnvloed door beleid van overheden en
universiteiten. De bevinding dat reisduur de studieproductiviteit vermindert (in grote of
beperkte mate), heeft daarom belangrijke beleidsimplicaties. Een volledige KBA van
verschillende beleidsopties met betrekking tot studenten reisduur is buiten scope van dit
proefschrift. Onze bevindingen suggereren echter wél dat subsidies voor OV gebruik minder
efficiënt zijn dan het op andere manieren subsidiëren van onderwijs (b.v. het verlagen van
collegegeld).
Inefficiënties door computer hoarding (Hoofdstuk 2) kunnen worden weggenomen
door Bring Your Own Device (BYOD) strategieën, oftewel studenten eigen mobile IT devices
laten meenemen naar de universiteit (laptops, tablets, smartphones). Tegelijkertijd kunnen
BYOD strategieën door sommige mensen als oneerlijk ervaren worden, zo maken sommigen
zich zorgen over het effect van BYOD strategieën op studenten met een sociaal-economische
achterstand in het bijzonder (e.g., Atkinson et al., 2005; Kirkwood and Price, 2005;
Margaryan et al., 2011). Hoofdstuk 5 probeert hier inzicht in te krijgen door het bezit en
gebruik van mobile IT devices te bestuderen onder verschillende studentengroepen.
Er zijn globaal genomen drie belangrijke redenen waarom een student negatief geraakt
kan worden door BYOD strategieën: (i) de student heeft geen toegang tot mobile IT devices,
(ii) de student vindt het lastig/onhandig om een laptop of tablet mee te nemen naar de
universiteit en (iii) de student heeft een (sterke) voorkeur voor het gebruik van
universiteitscomputers. Uit onze resultaten blijkt dat het inkomen van de student zelf, het
inkomen van de ouders, geslacht, tweede generatie immigrant en thuis- vs. uitwonend een
statistisch significant maar klein effect hebben op het bezit van mobile IT devices. Over het
algemeen bezit een groot percentage van al deze groepen een device, dit geldt ook voor
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studenten met een relatief laag inkomen. Aan de andere kant laten veel studenten laptops en
tablets thuis (en nemen deze niet mee naar de universiteit), omdat ze het lastig vinden om met
deze devices rond te lopen. De houding van studenten tegenover het afschaffen van
universiteitscomputers (en het verplicht stellen van laptopbezit) is veelal negatief, ondanks de
didactische voordelen die dit kan hebben. De hoge ownership percentages voor mobile IT
devices betekenen dus nog niet dat studenten een voorkeur hebben voor BYOD strategieën.
Campus voorzieningen (incl. universiteitscomputers) en parkeerplaatsen hebben met
elkaar gemeen dat grote investeringen nodig zijn om deze voorzieningen aan te bieden. Deze
investeringen zijn grotendeels onomkeerbaar. In dit proefschrift is onderzocht wat de
gevolgen zijn van het niet juist beprijzen van deze voorzieningen. In het geval van
universiteitscomputers en parkeerplaatsen kan te laag beprijzen leiden tot hoarding gedrag,
hetgeen inefficiënt is. Subsidies voor OV gebruik kunnen het onbedoelde effect hebben dat
studenten verder van de universiteit gaan wonen, hetgeen kan leiden tot een minder optimaal
gebruik van universiteitsvoorzieningen, en daarmee tot minder goede studieresultaten.
In de empirische hoofdstukken van dit proefschrift hebben we het aanbod van
voorzieningen veelal als gegeven beschouwd. We lieten zien dat beleidsmakers het gebruik
van voorzieningen in grote mate kunnen beïnvloeden. Dit duidt erop dat beleidsmakers beter
terughoudend kunnen zijn met het doen van al te grote investeringen in de betreffende
voorzieningen. Wanneer de vraag groter is dan verwacht, kan de beleidsmaker de prijs van
voorzieningengebruik verhogen. Wanneer er structureel een latente vraag is naar het gebruik
van de betreffende voorziening, kan de hoge prijs voor voorzieningengebruik extra
investeringen rechtvaardigen. Wanneer de vraag naar voorzieningen lager is dan verwacht,
dan zijn extra investeringen natuurlijk niet nodig. In extreme gevallen kan de prijs voor
voorzieningengebruik worden gereduceerd naar nul.
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Het beprijzen van voorzieningen is niet altijd een populaire maatregel. Vaak worden
b.v. rechtvaardigheidsargumenten gebruikt om te pleiten tegen het beprijzen van
voorzieningen. Het verplichtstellen van laptopgebruik door studenten wordt soms als oneerlijk
gezien, omdat studenten met lage inkomens zich geen laptops zouden kunnen veroorloven
(Atkinson et al., 2005; Kirkwood and Price, 2005; Margaryan et al., 2011). In dit proefschrift
heb ik echter laten zien dat de vraag naar laptops zeer inkomens inelastisch is. Eenzelfde soort
discussie wordt gevoerd over parkeerplaatsen. Er wordt weleens aangevoerd dat het beprijzen
van parkeerplaatsen oneerlijk is voor autobestuurders met lage inkomens. Aan de andere kant
beschikken autobezitters over het algemeen over hogere inkomens dan niet-autobezitters, dus
parkeersubsidies bevoordelen in zekere zin vooral de rijkeren (Shoup, 2005).
In de empirische hoofdstukken van dit proefschrift zijn veel argumenten naar voren
gekomen ten faveure van het beprijzen van (semi-) publieke voorzieningen.
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1987 by the Faculties of Economics and Econometrics of the Erasmus University
Rotterdam, University of Amsterdam and VU University Amsterdam. The Institute
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