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Abstract
We investigate how passengers on long-distance trains value unexpected
delays relative to scheduled travel time and travel cost. Using three different
stated choice data sets, we explore how the value of a possible delay varies
with the delay risk and delay length. For scheduled services with relatively
high reliability and long headways, the most common approach is the
“average delay” approach, where passengers are assumed to value a possible
delay proportional to its expected value. We test whether this holds
empirically. It turns out that the “expected delay” assumption does not hold:
the value of a possible delay increases slower than linear in the delay
probability. This means that estimated “values of delay time” will depend on
the delay risk level: “values of delay time” will be higher the lower the risk
levels in the study are. It also means that using the average delay as a
performance indicator, a guide for operations planning or for
investment¨appraisal will underestimate the value of small risks of long
delays relative to larger risks for short delays.
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Introduction

The purpose of this paper is to investigate how passengers on long-distance
trains value unexpected delays relative to scheduled travel time and travel
cost. We use three different data sets to explore how the value of a possible
delay varies with the delay risk and delay length. In particular, we are
interested in investigating whether the commonly used “expected delay”
approach holds empirically.
Investments in rail infrastructure are often motivated by the need to reduce
travel time and to reduce travel time unreliability. Knowing travelers‟
valuation of travel time unreliability relative to in-vehicle time and travel
cost is hence important for cost-benefit analysis of rail investments. Several
countries (to our knowledge Holland, Sweden and the UK) have introduced
travel time reliability benefits in their official appraisal schemes (CBA
guidelines etc.). Knowledge of travelers‟ valuation of delays is also crucial
for the construction of (socially) efficient timetables, and for the possibility
of constructing incentive contracts between train operators and track
operators. Such incentive contracts have recently been tested by the Swedish
Rail Administration and the main Swedish train operator SJ (Banverket,
2005). Reliability measures are also commonly used as performance
indicators, either by train operators themselves or supervising authorities.
The variability of travel time in general has received increasing interest the
last few years, both in terms of research and applications. There are two
principally different strands of approaches: scheduling approaches, where
the traveler‟s departure time choice is explicit in the model, and reducedform approaches, where some measure of the variability is introduced
directly in a reduced-form indirect utility function. While schedule-delay
approaches is the natural choice for forecasting purposes (modeling
departure time choices etc.), using a reduced-form approach is the only
feasible alternative for most appraisal and evaluation purposes. As a measure
of the variability in the reduced-form function, most studies have used either
the standard deviation of the travel time or the expected delay compared to
scheduled arrival time, although some studies include both (Batley et al.,
2007) and some studies use percentiles of the travel time distribution (Lam
and Small, 2001).
In the literature, the standard deviation approach seems to be the method of
choice for situations with high travel time variability and good opportunities
for travelers to adjust their departure time. Typical settings would be
congested car traffic and urban (high-frequency) transit services. The
expected delay approach, on the other hand, seems to be the method of
choice for scheduled services with fairly high reliability (i.e. where most
arrivals are “on time”) and limited flexibility of departure time due to long
headways. A typical example is long-distance train trips. For example, this is
the measure used for Swedish train CBA (SIKA, 2008), and it is the
recommended measure in the UK Passenger Demand Forecasting Handbook.

Although this generalization regarding the choice of variability measure is
obviously not clear-cut, there are two good reasons for the measures of
variability to be different in the two types of context. First, it can be proved
that when departure time can be chosen freely (and a few other
assumptions), the resulting disutility of travel time uncertainty will be
proportional to the standard deviation (see references and further
explanations in section 2). If departure time is fixed, on the other hand, one
can derive (under certain fairly restrictive assumptions) that the resulting
disutility of travel time uncertainty will be proportional to the expected delay
(see section 2). Second, the travel time variability for car and urban transit
trips is typically much higher than for long-distance trains1, and this has
implications for the way stated preference surveys present variability levels
to respondents. While in high-variability contexts, the method of choice
seems to be to illustrate the travel time distribution by presenting a
representative sample of travel times, the method of choice for scheduled
services with low-variability seems to be to state the risk of a delay of a
certain length, while all other arrivals are “on time”. Examples of the former
presentation method can be found in Black and Towriss (1994), Small et al
(1999), Bates et al (2001) and Hollander (2005a), while examples of the
latter method can be found in Kroes et al. (2005, 2007), Rietveld et al.
(2001) and Eliasson (2004).
As stated above, the focus of this study is to investigate how passengers
value a risk for a delay with a given probability and length. In particular, we
are interested in whether the disutility of such a delay risk is proportional to
its expected value. This is not only important for cost-benefit analysis: it is
also commonly used as a quality measure by train operators. For example,
both UK and Swedish train operators use “average delay per train” as an
indicator of punctuality. Since it can be expected that the choice of quality
indicator also affects which measures and investments are chosen, knowing
whether this is a good quality measure has practical importance.
Section 2 first presents a brief overview of relevant theory and literature, and
then expands and discusses the motivation for the expected delay approach.
Section 3 presents the data material, and section 4 presents estimation
results. Section 5 concludes.

1

The coefficient of variation of car travel times in congested conditions is typically 0.2-0.3 (Black and
Towriss, 1993; Eliasson, 2005), which also seems to be a representative figure for transit trips
(although the coefficient of variation for transit trips is harder to define and compare, since it will
depend on the service frequency and the number of interchanges): it is for example consistent with
available Stockholm data on delays and average trip times. This can be contrasted with long-distance
train trips, where typically 80-90% of trains are ”on time” (usually defined as within 3 or 5 minutes
within scheduled arrival time; Rietveld, 2001; Kroes and Kouwenhoven, 2007; see also below),
implying a coefficient of variation in the range 0.05-0.15.
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Theory, terminology, literature

As noted above, studies of travel time variability can roughly be grouped
into types: scheduling models and reduced-form models. In the former type,
the traveler‟s choice of an optimal margin to compensate for delay risk is
modeled explicitly. In the latter type, some measure of travel time variability
is introduced in an indirect utility function. The two most common
variability measures are the standard deviation of travel time and the
expected delay compared to scheduled arrival time. Below, we will first
discuss the scheduling model and how it leads (under certain assumptions) to
either the standard deviation approach (treated first) or the expected delay
approach (later in the section).

Scheduling models
We will use the scheduling model of Fosgerau and Karlström (2007), which
is a reformulation by the model proposed by Vickrey (1969), Small (1982)
and Noland and Small (1995). Assume that the traveler‟s utility depends on
the amount of time spent at the origin, on travel and at the destination, and
that some additional penalty occurs after a given “preferred arrival time” (set
to t=0). The utility of time spent in one of these activities must be
normalized: we choose to normalize time spent at destination before the
preferred arrival time to 0. Further, we assume that the scale is in monetary
terms, so we can speak about the “value” of travel time, delays etc. without
ambiguity. The scheduling utility function can then be written as
u(D,T) = - D - T - (T-D)+
where T is the random travel time and D is the headstart relative to the
preferred arrival time. The notation (x)+ is a shorthand for the function
max(x,0). is the direct disutility of time spent on the trip, and is the
(relative) opportunity cost of travel time (”time as a resource” to use a term
from De Serpa, 1971). is sometimes referred to as “the disutility of being
early”, but we prefer to view it as the utility difference between time spent at
the origin and time spent at the destination before the planned arrival time –
hence, the (relative) opportunity cost of time. (This is the convenient
reformulation compared to the Vickrey-Small formulation.) is the disutility
of “lateness”, i.e. arrival after the preferred arrival time. can in general be
any increasing function: the marginal disutility of lateness may be either
increasing or decreasing. Usually, though,
is assumed to be linear,
sometimes with a “step” at zero.
Several studies have estimated variants of such utility functions, resulting in
what is called scheduling models. Given the utility function and the
distribution of the travel time, travelers‟ optimal headstart D* can (in
principle) be calculated, and hence the disutility incurred by the travel time
uncertainty. This will result in a reduced-form utility function u*( T) =
ET[u(D*,T)], taking only the travel time distribution T as argument (and the
parameters and , obviously). An advantage of scheduling models is that
they can also serve as departure time models. Their main weaknesses are that
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they need information of travelers‟ preferred arrival times, and are often
computationally intensive to use. In most appraisal, evaluation and
aggregated demand forecasting contexts, effects on travel time variability on
departure times are of less interest, and hence, it is more convenient to
specify and estimate a reduced-form utility function directly. The most
common reduced-form approaches are the mean-variance approach (where
the mean and the standard deviation of the travel time enter the utility
function) and the expected delay approach (where the scheduled travel time
and the average delay enter the utility function).

Mean-variance models
Fosgerau and Karlström (2007), extending results by Noland and Small
(1995) and Bates et al. (2001), show that if is linear, the headstart D can be
chosen freely and the travel time distribution is independent of departure
time (although they show that this condition is of less practical importance),
the reduced-form utility function will be a weighted sum of the mean and
standard deviation of the travel time. Hence, as long as the traveler can
choose departure time freely, the mean-variance approach is well motivated
theoretically. An important caveat, though, is that the relative weight of the
standard deviation will depend on the standardized travel time distribution.
Standard deviation valuations that have been obtained in one context can
thus not be directly transferred to another context with a different
standardized travel time distribution.
The mean-variance approach seems to be the most common approach in
studies of non-scheduled trips – car trips and urban (high-frequency) transit
trips. Examples are abundant, e.g. Jackson and Jucker (1982), Black and
Towriss (1993), Senna (1994) and Eliasson (2004).

Expected delay models
For low-frequency scheduled trips, however, the expected delay approach
seems to be the most common. Using the notation above, the expected delay
approach means assuming that the reduced-form utility function can be
written as
u* = - ( + )T0 - ( + )E(T-T0)+
where T0 is the scheduled travel time and E(T-T0)+ is the expected delay, i.e.
the expected positive part of the difference between actual and scheduled
travel time. Note that the marginal utility of scheduled travel time is the sum
of the opportunity cost of travel time ( ) and the direct disutility of travel
time ( ), and the marginal utility of expected delay is the is the sum of the
delay penalty ( ) and the direct disutility of travel time ( ).
Expected delay studies are often compared with each other using the
reliability multiplier (a term that seems to have been introduced by Batley et
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al., 2007), defined as the ratio between the expected delay parameter and the
travel time parameter, i.e. ( + )/( + ) in formula (2).
There are many examples of studies using expected delay as a measure of
the disutility of travel time unreliability, e.g. Hensher and Prioni (2002),
Algers et al. (1995), Rietveld et al. (2001), Kroes et al. (2005, 2007),
Eliasson (2004) and Vincent (2008). Wardman (2001) presents a metaanalysis of British valuations of expected delay (among other things).
Several countries also use expected delays in their CBA guidelines, for
example Sweden (SIKA, 2008) and the UK. It is also a fairly common
practice among train operators or supervising authorities to use the expected
delay as a performance indicator in contexts such as operations planning,
investment appraisal and tendering processes for the right to operate train
connections. For example, the Swedish Rail Administration uses expected
delay together with the share of trains “on time” as their main punctuality
indicators, as do for example UK and Greek train companies (Batley et al.,
2007; Nathanail, 2008).
Usually, expected delay studies present the distribution of delays to the
respondent in the form “there is a risk p that the train is delayed L minutes;
otherwise, the train is on time” (although a more general form using several
delay lengths risk levels is occasionally used). With such a travel time
distribution, it can be shown that there are only two rational choices for a
traveler who can choose departure time freely. If ( + ) < ( + )p, then the
traveler should choose a departure time T0+L minutes before the preferred
arrival time (where T0 is the scheduled travel time). This will guarantee that
she arrives at or before the preferred time, incurring a generalized cost of
( + )(T0+L). If instead ( + ) > ( + )p, then the traveler should choose a
departure time T0 minutes before the preferred arrival time, ignoring the risk
of the delay. This will mean that she will suffer delays of length L with
frequency p, incurring an expected generalized cost of ( + )T0 + ( + )pL –
that is, the expected delay formulation.
Note that this motivation for the expected delay approach2 rests on four
assumptions:
1. The delay penalty is linear in the difference between preferred
arrival time and actual arrival time.
2. Travelers can choose departure time freely
3. Travel time has a particular distribution: T0 with probability (1-p)
and T0+L with probability p
4. All travelers have ( + ) > ( + )p, i.e. the delay penalty must be
sufficiently small compared to the marginal utility of travel time and
the delay risk p.
2

The expected delay approach can also be motivated by assuming completely fixed departure times,
linear delay penalties and no difference between scheduled and preferred arrival time. However,
simultaneously assuming fixed departure times and that scheduled and preferred arrival time coincide
seem extremely implausible, so we will not consided this possible motivation for the expected delay
approach further.

Just to clarify notation, write the reduced-form utility function for the
representative traveler as follows:
u* = - ( + )T0 - ( + )f(p,L)
The expected delay approach asserts that f(p,L) = pL. Obviously, this is a
testable assumption, and one of the main purposes of this paper is testing
this. Let us discuss in what ways assumptions (1)-(4) may be violated and
what this might mean.
First, f(p,L) might decrease either faster or slower than linearly in L. It will
increase slower than linearly if there are travelers who for example have a
scheduled appointment or connection. Once the scheduled activity has been
missed, being even later does not increase the disutility as much (violating
assumption 1). On the other hand, f(p,L) might increase faster than linearly if
sparse timetables constrain the departure time choice (violating assumption
2). If timetables constrain the choice of departure time, many passengers will
have a margin between the train‟s scheduled arrival time and their actual
preferred arrival time – and it is (by assumption) only after the preferred
arrival time a delay penalty is incurred. This would mean that the longer the
delay, the more passengers will use up their margin and arrive after their
preferred arrival time. In other words, for small L, when most passengers
have a margin larger than L, the marginal delay valuation will be close to
(the direct disutility of travel time relative to being at the destination), while
for large L, when most passengers have a margin less than L, the marginal
delay valuation will be close to + . Hence, sparse timetables will mean that
the marginal disutility of delay for the representative traveler will be
increasing in L.
Further, travelers may have different delay penalties (violating assumption
4). Some will have a high valuation of late arrival (large ), and some a low
valuation. It can be shown (see Appendix 1) that this will in general mean
that the “reliability multiplier” (the ratio between the travel time parameter
and the expected-delay parameter) will be decreasing in p for a
representative traveler. In other words, the reliability multiplier will be
higher for small delay risks. Intuitively, this is because for very low delay
risks, no travelers find it worth to take sufficient margins to compensate for a
possible delay, while as the delay risk increases, more and more travelers
have sufficient margins, and the marginal disutility of delay time will slowly
tend towards the value of scheduled travel time.
To summarize, there are at least three reasons why we might have f(p,L) pL:
1. f(p,L) will increase slower than linearly in L if some travelers for
example have scheduled appointments or connections. Missing the
scheduled activity incurs a high disutility; after missing the activity,
further delays add less (per minute).
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2. f(p,L) will increase faster than linearly in L if travelers have a
varying margin between scheduled and preferred arrival time, due to
timetable constraints.
3. f(p,L) will increase slower than linearly in p if the delay penalty
varies between travelers and departure time can be chosen at least to
some extent, since more and more travelers will choose to have
margins.
Hence, how f(p,L) depends on L is ambiguous., while we would expect
f(p,L) to increase slower than linearly in p. Note in particular that it is
enough to assume that delay penalties vary across travelers – which seems
likely – to predict that f(p,L) should increase slower than linearly. We can
also note that if f(p,L) increases slower than linearly in p, then the “value of
[expected] delay time” f(p,L)/p and the “reliability multiplier” f(p,L)/( p)
will not be constant, but be decreasing functions of the risk level p.
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The data

Our data material consists of three data sets from two surveys – one survey
contained two different stated choice experiments, with different question
types. All studies described the risk for late arrival as some variation of “x
out y trains are z minutes late; the rest are on time”. That is, rather than
illustrating a smooth distribution with e.g. a sample of travel times, delays
were presented as “with probability p, there is a delay of length L”.
The first survey was conducted in May 2004 on trains between Stockholm
and Gothenburg. Respondents answered 8 pairwise choices, where the
variables were travel time, travel cost, delay risk and delay length. Below is
an example of a pairwise choice.
Choose one!
Fare
Delays

Travel time

I prefer:

Departure 1

Departure 2

20 SEK more than today

As today

1 out of 10 trains are 20
minutes late, the rest are on
time

3 out of 10 trains are 10
minutes late, the rest are on
time

The scheduled travel time is 2
hours 30 minutes

The scheduled travel time is 2
hours 45 minutes

1

2

Figure 1. Example of pairwise choice, PC04

The second survey was conducted in May 2007 on the train between
Stockholm and Norrköping (many of these trains then continue to
Gothenburg). This survey contained two stated choice exercises. In the first,

respondents answered 8 pairwise choices, where the variables were travel
cost, delay length at a given delay risk (always the same risk in both
alternatives), whether passengers received information about the length of a
delay if there was one, and whether passengers received compensation
(coffee and sandwich or a ticket voucher) if there was a delay. Below is an
example of a pairwise choice.
Choose one!
Fare
Delay length

Compensation
Information:

I prefer:

Departure 1

Departure 2

As today

70 SEK more than today

Once every two weeks, there is Once every two weeks, there is
a 40 minutes delay
a 10 minutes delay
None

Coffee

Should there be a delay, you
get information about delay
length and possible
connections.

Should there be a delay, you
get information about delay
length and possible
connections.

1

2

Figure 2. Example of pairwise choice, PC07

Note that the delay risk was always the same in both alternatives, although
the risk varied between two levels in different pairwise choices. In fact, this
experiment was actually made up of from two experimental designs, one for
each of two different risk levels. This approach was used partly to simplify
for the respondents, and partly to guarantee that the design would facilitate
investigations of how the value of the delay depends on delay length.
In the second exercise in the 2007 survey, a novel question type was used,
called Most Preferred Improvement (MPI) (see Levander, 2007). The
respondent is faced with a number of potential improvements of her trip, and
is asked which one she would prefer. The presented improvements related to
the fare, delay length, delay risk, information and compensation. Below is an
example of an MPI choice. All improvements are relative to a (partly
hypothetical) “current situation” with the actual fare, delays on average once
a week and 30 minutes long, and no compensation or information should a
delay occur. Below is an example of a question.
Which of these improvements would you prefer?
30 SEK lower fare than your current fare

The train is delayed on average once every two weeks instead of once
every week
If a delay occurs, it is on average 15 minutes instead of 30 minutes
You get information about the delay length and connections, should a
delay occur.
Figure 3. Example of most preferred improvement choice, MPI07.

The table below summarizes facts about the three data sets.
Abbreviation
Date
Type

PC04
May 2004
Pairwise choice

PC07
May 2007
Pairwise choice

No.
of
respondents (valid
choices)
- commuters
- other private
- business
Average fare
Variable ranges
- delay risk p
- delay length L

402 (2920)

2270 (15471)

52 (367)
172 (1221)
178 (1332)

571 SEK
5%, 15%
5-55 min.

539 (2839)
801 (5316)
930 (7316)

449 SEK

10%, 2.5%
5-40 min. (at
10% risk), 20115 min. (at
2.5% risk)
- fare
-55 to +130 +10 to +150
SEK compared SEK compared
to current fare
to current fare
- travel time
2:30 – 3:30
n/a
information n/a
Yes/no
about
delay
length
and
connections
- compensation
n/a
Ticket voucher,
coffee, none

MPI07
May 2007
Most
preferred
improvement
2270 (7720)

539 (1438)
801 (2615)
930 (3667)

449 SEK
20%, 10%, 5%
15-30 min.

-15 to -40 SEK
compared
to
current fare
n/a
Yes/no

Ticket voucher,
coffee, none

Table 1: Presentation of data sets.
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Estimation results

In the estimations, we will explore how a delay of length L and probability p
is valued. We will concentrate on three questions:
-

How does the value of the delay depend on delay probability p?

-

How does the value of the delay depend on delay length L?
How is the value of the delay affected by allowing for randomly
distributed parameters?

We will use the principal functional form
u = T0 + ( 1+ 2Y)c + f(p,L)

(4.)

T0 is the scheduled travel time, c the fare, Y is income and f(p,L) is the
“utility” of a delay with risk p and length L. For brevity, we will sometimes
refer to f(p,L)/( 1+ 2Y) as the value of delay, and to f(p,L)/[( 1+ 2Y)p] as the
value of [expected] delay time. The latter is a commonly used measure, but
we will only use it sparingly, preferring to express most results in terms of
the “value of delay” or (if necessary) more precisely as the “value of delay
per hour at risk level p”.
For each model specification presented in this chapter, nine separate models
are estimated, corresponding to the three data sets divided into three trip
purposes (commuting, other private trips and business trips).

Is the delay value proportional to the risk level?
Our first question is how the value of a (p,L)-delay depends on the risk level
p. We estimate nine separate models (three data sets divided into three trip
purposes) using the following functional form:
u = T0 + ( 1+ 2Y)c +

pL

(5.)

Hence, we estimate separate p:s for different risk levels and assume that the
value of delay is linear in L (this is supported by the results in the next
section). Note that the conventional “value of [expected] delay time” would
correspond to p = /p.
For PC04 and PC07, the models are estimated as random-parameters logit
models, assuming that p and 1 are normally distributed. The „repeated
measures‟ property is accounted for by assuming that the random parameters
are individual specific. Valuations are evaluated at the estimated means.
Different attempts to estimate a random-parameters logit were done with the
MP07 data as well, with disappointing results. The MP07 models presented
are therefore standard logit models. Section 0 describes the estimation work
in some more detail, and complete estimation results can be found in
Appendix 2, tables 6-8.
Figure 6 and Table 3 show the value of delay per hour
different risk levels (in SEK/hour).

p/[( 1+ 2Y)p]

for

Risk
2.5%
5%
5%
10%
10%
15%
20%

Commuting
58
40
64
97
63
155
124

Other private
95
50
35
103
75
58
126

Table 2: Value of a delay

p

Business
198
111
103
241
142
209
270

Source
PC07
MPI07
PC04
PC07
MPI07
PC04
MPI07

for different risk levels [SEK/hour].

[figure 4 here]
Figure 4: Value of a delay for different risk levels [SEK/hour].

To reveal how the delay value depends on the risk level, it is illuminating to
compute the arc elasticity of the delay value with respect to the risk level for
each study, i.e.

ln VoD1 VoD2
ln p1 p2
where VoDi is the value of a possible delay with risk pi. A zero elasticity
means that the value of a possible delay is completely independent of the
risk level. This might be plausible if the traveler feels compelled to always
have a sufficient margin to compensate for a delay, no matter how small the
risk is. The “expected lateness” assumption implies an elasticity of 1: the
value of a possible delay is proportional to the risk level. Assuming that the
value of a possible delay is proportional to the standard deviation implies an
elasticity of 0.5 (for small risks).
The PC07 and PC04 contained two risk levels each, and hence give one
elasticity each. The MPI07 data set contains three risk levels, and hence
gives two elasticities. The table below shows the results.

(6.)

Table 3: Arc elasticity of the delay value with respect to the risk level
purpose and each study.
Average risk level
Commuting Other private
Business
(p1+p2)/2
0.4
0.1
0.1
6.25%
0.7
0.6
0.3
7.5%
0.8
0.5
0.6
10%
1.0
0.7
0.9
15%

for each trip
Source
PC07
MPI07
PC04
MPI07

From the table, we make the following observations:
1. All elasticities are less or equal to 1, and almost all are strictly less than
1. Hence, the value of a possible delay increases slower than linearly in
p – in particular for small risks. Conversely, halving a small risk will
not nearly decrease the delay value by half, but with much less.
2. The smaller the risk, the smaller the elasticity; for very small risks, the
elasticities for non-commuting trips are almost zero, meaning that the
value of a possible delay is almost independent of the risk level.
3. The elasticities for commuting trips are consistently higher than for the
other trip purposes. One could hypothesize that the need to always have
sufficient margins, even at very small risks, is higher for noncommuting trips. This interpretation is supported in focus groups
reported in Kroes et al (2007), who note that “unexpected train delays
were often accepted as a valid excuse for arriving late at their work, so
part of the disbenefit of being late could be transferred to the
employer”.
The main message here is that the expected lateness approach is clearly not
valid for small risk levels (10% or below). For higher risk levels (15% and
above), it might be reasonable approximation. Recall that typical
punctualities for train services lie in the range 85-95%. Hence, using the
expected lateness will be potentially misleading: it will tend to underestimate
passengers‟ value of reducing relatively small risk levels.
As a corollary, this means that the concepts of “the value of delay time” and
“the reliability multiplier” have to be used with great caution, since these
will depend on the risk level. In principle, these values can be computed and
used at a fixed, given risk level – but they cannot be transferred to a context
with another risk level.
Another way to present the same results is in the terms of the “reliability
multiplier”, i.e. the ratio of the marginal value of expected delay to the
marginal value of travel time – in our notation p/[( 1+ 2Y)p]. This is
presented in Table 1 and Figure 5, assuming values of travel time of 100
SEK/hour for private trips and 300 SEK/hour for business trips.
Risk

Commuting

Other private

Business

Source

2.50%
10%
5%
15%
5%
10%
20%

23
10
13
10
8
6
6

38
10
7
4
10
8
6

26
8
7
5
7
5
5

PC07
PC07
PC04
PC04
MPI07
MPI07
MPI07

Table 4. Reliability multipliers for different risk levels.

40

PC07-comm.

35

MPI07-comm.
PC04-comm.

30

PC07-other

reliability multiplier

MPI07-other
25

PC04-other
PC07-bsn
MPI07-bsn

20

PC04-bsn
15

10

5

0
0.000

0.050

0.100

0.150

0.200

delay risk

Figure 5. Reliability multipliers for different risk levels.

Again, this illustrates the importance of the risk level used in the stated
preference questions: the lower the risk, the higher the reliability multiplier.
We get reliability multipliers in the range 4-10 for the higher risk levels
(10% and above). For the lowest risk level (2.5%), on the other hand, we get
very high values – between 23 and 26. The lower range is by and large
consistent with the literature: the 18 valuations summarized in the metastudy by Wardman (2001) have a mean of 7.4 and an 80%-range of 2-14. In
light of our results, we would suspect that these values depend on the risk
levels used in the SP studies, but risk levels are not presented in the metastudy. Rietveld et al. (2001) get a reliability multiplier of 2.4, based on an SP
game with a delay of 50% - a very high delay risk, which results in a
correspondingly low reliability multiplier.
Kroes et al. (2005, 2006) get reliability multipliers in the range 12-17 for
short delays (5-15 min) and 7-9 for longer delays (above 15 min), although
these values depend to some extent on what one assumes about the delay

0.250

distribution within their presented delay intervals (i.e. what the mean delay
within the interval 5-15 should be taken to be). Interestingly, looking at their
Table 1, we can find a similar pattern as the one we have shown above – that
the value of a delay reduction decreases with increasing risk level. In Table
1, values are shown as “travel time equivalents”, i.e. a reducing the risk of a
5-15 min delay from 10% to 5% is equivalent to a travel time reduction of
4.6 minutes for commuting trips.
Commuting
Other private
Short delay
Long delay
Short delay
Long delay
(5-15 min)
(15-60 min)
(5-15 min)
(15-60 min)
5-15%
4.6
6.7
6.2
8.9
20-30%
4.2
5.3
5.6
7.2
>=35%
2.6
n/a
1.9
n/a
Table 5: Value of a 5% delay risk reduction in terms of travel time (minutes).
Adapted from Kroes et al. (2005, 2007)
Delay risk

Is the value of a delay proportional to the delay length?
To explore the dependence on the delay value of delay length, we use three
different methods: a quadratic polynomial, a Box-Cox transformation and a
non-parametric method (one dummy variable for each delay length). The
advantage of the first two methods is that we can formally test for nonlinearity, while the non-parametric method is often more revealing. All
models were multinomial logit models: trying to estimate non-linear and
non-parametric methods together with random parameters, we encountered
the expected identification problems.
First, the estimated quadratic polynomial is:
u = T0 + ( 1+ 2Y)c +

pL

2
pL

+

(7.)

If p is significantly different from zero, then obviously the delay value is
not linear in L, and the sign of p will reveal whether it increases slower or
faster than linearly. Note that we estimate different slope parameters p and
p for different risk levels p.
Second, we estimate a Box-Cox function:
u = T0 + ( 1+ 2Y)c +
u = T0 + ( 1+ 2Y)c +

p(L

-1)/

p

plog(L)

p

p
p

0
=0

Similarly, the size of p (less or larger than 1) will reveal whether f(p,L) is
linear in L or not. Note that we estimate different curvature parameters p:s
for different risk levels p.

(8.)

Finally, we compare the results from the methods above with a nonparametric method, estimating dummy parameters pL for each combination
of (p,L):
u = T0 + ( 1+ 2Y)c +

(9.)

pL

In the PC07 data set, the linearity hypothesis cannot be rejected in five out
of six combinations of risk levels and travel purposes – p:s are not
significantly different from zero and p:s are not significantly different from
1. The exception is business trips at the lower risk level, for which the value
of delay increases slower than linearly with delay length (confirmed by both
the polynomial and the Box-Cox method; p=0.5 in the Box-Cox model.
Complete estimation results for the business segment is presented in
Appendix 2, table 9). The non-parametric method supports these results, as
shown in Figure 6 and Figure 7. For all travel purposes non-parametric
dummy estimates are marked out as well as the estimated parametric
functions (divided by the cost parameter to get results in SEK/hour). Note
that only the PC07 experiment was designed for the particular purpose of
exploring how delay value depend on delay length and is therefore better
suited for this analysis than the other data sources. One important feature in
this respect is that only delay length, not risk level, varies within each
pairwise choice.
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0
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Figure 6. The value [SEK] of a possible delay of length L [min] for risk levels
0.1 PC07 data. Non-parametric dummy estimates are marked out
as well as the estimated linear parametric functions 0.1f(L)/ .
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Figure 7: The value [SEK] of a possible delay of length L [min] for risk levels
0.025 in the PC07 data. Non-parametric dummy estimates are
marked out as well as the estimated parametric functions
0.025f(L)/ , which are linear for commuters and other private trips
but a quadratic polynomial for business trips.

In the MPI07 data set, the linearity hypothesis cannot be rejected for any
risk level for either commuting or other private trips, just as in the PC07 data
set. For business travelers, on the other hand, the value of delay increases
somewhat faster than linearly with delay length L (estimation results for this
model are presented in Appendix 2, table 9). These results are confirmed by
the non-parametric estimates. It is somewhat surprising that this value of
delay increases faster than linearly, while the value of delay for business
travelers in the PC07 (with the same respondents) increased somewhat
slower than linearly. A likely explanation is that the MPI07 data refer to
considerably shorter delays – 10-30 minutes as opposed to 20-115 minutes
in the PC07 data.
It should be noted that in the MPI07 models formulated to explore how the
value of delay depends on delay length L, the hypothetical “current
situation” delay (i.e. delay length 30 minutes and risk 0.2) was left out from
the estimated parametric function. The “current situation” delay is valued
considerably lower in comparison to the other delays, as revealed by Figure
8, because of an endogenous selection effect originating from the MPI type
questions: The “current delay situation” delay length and risk level was
chosen by the respondents most sensitive to cost (who choose to improve the
cost attribute) and the respondents least sensitive to delays (who do not
choose to improve delay length or risk level), which explains why the
valuation of this delay is comparatively low.

Figure 8 shows the linear model for commuting trips, the quadratic model
for business trips (estimation results found in Appendix 2, table 9) and the
corresponding non-parametric estimates. The model for other private trips is
very similar to the model for commuting trips and is left out to avoid
cluttering the diagram. The figure also includes the estimates of the
valuation of a 30 minutes delay for risk levels 0.1 and 0.05. Linearity can
obviously not be explored for these risk levels, since there is only one delay
length corresponding to each risk level.
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Figure 8: The value [SEK] of a possible delay of length L [min] for risk level
0.2 in the MP07 data. Non-parametric dummy estimates are
marked out as well as the estimated parametric functions 0.1f(L)/
which are linear for commuters but a polynomial of order two for
business trips.

Turning to the PC04 data, the linearity hypothesis could not be rejected for p
= 0.15. For p = 0.05, however, the value of delay increases significantly
slower than linearly in L for all three travel purposes. As noted in section 2,
this may be because some travelers have a fixed penalty for late arrival. It
may also be due to policy answers from respondents with a low acceptance
for high risk levels per se. Estimating a “fixed penalty” parameter, it
becomes highly significant, but this model gives inconsistent results: the
marginal cost of delay length is higher for the low risk level than for the high
risk level. Careful testing indicates that this inconsistency seems to arise as
an artifact of the design, since the choice experiment was not designed to
capture this model specification.
To conclude, the value of delays seems to be approximately proportional to
delay length L in most of our models. In some models, though, the value of
delay increased slower than linear, and in one model faster than linear.

Model estimation
All models were estimated using the Biogeme software (Bierlaire, 2003,
2008).
Recall that the p‟s and 1 are the parameters assumed to be individual
specific in all models. In the exploring process, all models were estimated
with three different distributions of the random parameters: normal,
triangular and lognormal distributions. In this section we will briefly
recapitulate the main conclusions from these estimations, starting with the
PC07 data.
For the normal and triangular distributions the estimated means of the
random parameters are approximately the same, which are also similar to the
parameters estimated with the standard logit model. As expected, though, the
standard errors of the estimates are larger in the mixed models. Hence, not
accounting for the repeated measures property deflated estimated parameter
errors, but caused no major bias in the central estimates of the parameters
themselves, just as previous experience suggests. Model fit is greatly
improved by allowing individual specific components and the treatment of
the repeated measures property of the data.
When estimating lognormal random parameters, valuations increased and the
log-likelihood value deteriorated, compared to the model with normally
distributed parameters. For high risks, valuations increased around 30%, and
for low risks even more (60-100%), compared to normal, triangular and nonrandom parameters. This is presumably an artifact of the shape of the
lognormal distribution: when estimating a lognormal distribution with the
peak fairly close to zero, it is “forced” to have a fat tail which increases the
mean. We are wary of these results for several reasons, not least because
they seem to be heavily dependent on the particular shape of the lognormal
distribution. Attempts to estimate other nonnegative functional forms
(variants of the Johnson distribution) were unsuccessful.
Best model fit in all three model segments was achieved assuming normally
distributed random parameters. The potential problem with positive mass
(and hence “wrong sign” of the parameters) associated with the normal
distribution is relatively small; in most cases the mean values of the
parameters are well above the standard deviations. In all models the means
of the random parameters are at least of the same magnitude as the
associated standard deviation, implying that 17 % of the mass is positive,
and in most of the models the standard deviation is less than half the mean
(implying that less than 2.5% of the mass is positive). Since the valuations
are stable across different model specifications (except for the mixed logit
with lognormal distributed random parameters) the model specification with
normal random parameters is reasonable, in spite of the (small) positive
mass.

An interesting finding from the mixed logit estimation is that the spread of
the delay parameters ( ) are larger than the spread of the travel cost ( 1)
parameter (as long as income is controlled for). This supports the intuition
that passengers have very varying tolerance for delays.
Estimation on the PC04 data set produces results similar to those of the
PC07 data. Best model fit is achieved with the normally distributed
parameters and the potential problem with positive mass is small. Triangular
distributions and non-random parameters give similar valuations as the
model with normally distributed parameters. With lognormal parameters,
however, all valuations increase, in some cases getting twice as large. An
exception, which is unique for the PC04 data, is that when allowing a
random cost parameter, the mean cost sensitivity increases considerably.
Since larger cost sensitivity implies lower valuations, the mixed logit model
produces lower valuations of delays as compared to the standard
multinomial model. This is an important specification improvement since the
valuation of delays obtained with the standard multinomial model was
strikingly high. The valuations obtained with the mixed logit model are more
in line with the ones obtained from the other data sets but also in other
studies (ours and others).
In the PC04 data, the standard error of the parameter for delay time is further
considerably larger for risk 0.15 than for risk 0.05. A possible reason for this
is that some travelers have a disproportionally high valuation for short delays
occurring with high risk, for example due to missing appointments or
connections.
Continuing with the MP07 data, the random-parameters logit model gave
inadequate parameter estimates. The mean values of the delay parameters
increased considerably, a factor 5 or more, when introducing normally
distributed parameters. For the business segment, the cost parameter got the
wrong sign. We are wary of these results since the valuations become
unexpectedly high in comparison to valuation obtained from estimations
with the other data sources, and since results depend so heavily on the model
specification. There are further still little experience from estimation on data
generated with the MPI design, and the only study exploring the properties
of this design (Levander, 2007), from a theoretical point and by use of
synthetic data, is assuming the standard logit model. As mentioned above,
this type of questions seems to be sensitive to self-selection bias in the
parameters when estimating flexible model specifications, since travelers
divide themselves into “segments” with different valuations by the nature of
the design. For these reasons we have chosen to rely exclusively on the
model results achieved with the standard logit model.
In summary, the valuations achieved with the random-parameters logit
modes correspond better between the data sets than those achieved with the
standard logit models.

5

Conclusions

The purpose of this paper is to investigate how passengers on long-distance
trains value unexpected delays relative to scheduled travel time and travel
cost. In particular, we study how the valuation of a possible delay with
probability p and length L depends on p and L.
The main result is that this valuation is not proportional to the delay
probability p, but increases slower than linear in the delay probability. This
is particularly pronounced for small risks. As to delay length, on the other
hand, linearity seems to hold: in most of our models, the linearity hypothesis
cannot be rejected.
This means that estimated “values of delay time” will depend on the delay
risk level p; the value of delay time will be higher the lower the risk level p
is. One implication is that estimated values of delay times which does not
take the non-linearity in delay risk into account will result in valuations that
cannot be transferred between contexts with different delay risks. We have
also given a theoretical reason why this should be an expected phenomenon,
assuming only that delay penalties vary across travelers and that departure
times are flexible at least to some extent. From our anecdotal evidence, it
seems as if the delay risk levels typically used in stated preference surveys
are higher than actual delay risks; if so, this will tend to underestimate the
true value of reducing delays.
Another conclusion is that the common practice of using “average delay” as
a performance indicator will be misleading, at least if the aim is to reflect
travelers‟ preferences. Imagine a train line where 10% of the trains are 10
minutes late, and 2% of the trains are 50 minutes late, and where the
operator chooses between policies that will eliminate either the short delays
or the long delays. Using the average delay as an indicator, the choice is a
toss-up – both the short delays and the long delays represent an average
delay of 1 minute per train. But our results show that a 2% risk of a 50
minute delay represents a considerably greater disutility for travelers than a
10% risk of a 10 minute delay. In other words, using the average delay as a
performance indicator or guide for operations or investments will
underestimate the value of reducing small risks of long delays compared to
reducing larger risks of short delays.
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Appendix 1

As noted in section 2, assuming that departure time can be chosen freely,
that the delay penalty is L and that the travel time is T0 with probability (1p) and T0+L with probability p means that the utility u* given optimal choice
of departure time will be (let the direct disutility of travel time be =0 just to
reduce notation)
u*= - T0 - pL
u*= - (T0+L)

if > p
if < p

(10.)

Assume that is equal for all travelers, while varies across travelers. We
will show that this is enough to make the representative traveler‟s indirect
disutility of delay increase slower than linearly in p, through a self-selection
process.
Let Q(p) be the share of travelers who have > p. Let b(p) be the average
for the segment of travelers who have > p. This means that the
representative traveler will have the utility function
u* = - T0 - (Q(p)b(p)p+(1-Q(p)) )L

- T0 -

(p)L

(11.)

Note that Q(p) and b(p) are decreasing in p. To see that the representative
traveler‟s “value of delay time”, (p)/p, is in general decreasing, note that it
can be rewritten as
(p)/p = Q(p)b(p) + (1-Q(p)) /p
When p is small, Q(p) is close to 1 and b(p) is large – it is the average
value for the most extremely delay-sensitive travelers – and the second term
is close to zero. When p is fairly high, Q(p) will be close to zero, so the
second term will dominate. But can be expected to be a small number
compared to the most extreme values of , which means that the average
value of delay time (p)/p will be a decreasing function, looking at a
sufficiently large range of delay risk p. However, (p)/p is not guaranteed to
be decreasing everywhere for all possible values of and distributions of .
To give two examples, assume that is 0.1 and N(1,0.5). The diagram
below shows (p)/p, the average value of delay time for a representative
traveler, and Q(p), the share of travelers deciding not take a sufficient
margin in order not to be late.

(12.)

1.2
average "value of delay time"
1.0

Q(p)

0.8
0.6
0.4
0.2
0.0
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

delay risk (p)

If we instead reduce the variation in delay penalties, assuming
we get the following diagram:

N(1,0.1),

1.2
average "value of delay time"
1.0

Q(p)

0.8
0.6
0.4
0.2
0.0
0

0.05

0.1

0.15

0.2

0.25

0.3

delay risk (p)

We see that as long as the risk p is sufficiently small, no travelers have
margins, Q(p) = 1 and the representative value of delay time is constant. But
when p increases, Q(p) will start to decrease, and so will the representative
value of delay time. The second diagram shows that this decrease need not
be monotonous if the distribution of is very peaked, but it will decrease
seen over a larger range of p.

0.35

It is also illuminating to look at the representative “value of delay”, i.e. the
valuation of a delay with risk p (per hour).
average "value of delay"

0.10
0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01
0.00
0

0.05

0.1

0.15

0.2

0.25

0.3

delay risk (p)

The expected delay approach asserts that the “value of delay” should be
proportional to the delay risk p. But as apparent from the diagram, this will
not hold when varies across travelers and departure time can be chosen. In
this diagram, =0.1 and N(1,0.5), and Q(p) will be 1 until p is around
0.05. For high p, Q(p) will tend to zero and the representative value of delay
time will tend to =0.1 – all travelers will have sufficient margins, and the
delay time will treated just as scheduled travel time

0.35
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Appendix 2
Commuting

Other Private

Business

# MLHQ draws:

2000

2000

2000

# observations:

370

1221

1334

47

155

169

Null log-likelihood:

-254.39

-846.33

-923.27

Final log-likelihood:

-109.70

-382.88

-549.57

Likelihood ratio test:

289.37

926.91

747.40

Rho-square:

0.57

0.55

0.41

Adjusted rho-square:

0.54

0.54

0.40

Final gradient norm:

0.0024

0.0030

0.0017

Name
Cost [mean]

Value
-0.23

t-test
-3.62

Value
-0.15

t-test
-5.27

Value
-0.13

t-test
-4.05

0.02

1.23

0.01

1.02

0.01

2.02

Delay time risk 0.05 [mean]

-0.19

-3.8

-0.08

-3.21

-0.13

-6.1

Delay time risk 0.15 [mean]

-0.47

-4.42

-0.13

-4.29

-0.26

-7.58

Travel time

-0.26

-4.19

-0.11

-4.05

-0.12

-6.25

Cost [stddv]

-0.12

-4.34

-0.09

-6.57

-0.07

-7.6

Delay time risk 0.05 [stddv]

-0.01

-0.16

0.06

3.33

0.06

3.14

Delay time risk 0.15 [stddv]

-0.17

-3.14

-0.04

-1.16

-0.12

-5.23

Value of delay time

1270

690

2053

1031

388

1396

# individuals:

Income*COST

at risk 0.05 [kr/h]
Value of delay time
at risk 0.15 [kr/h]
Table 6. PC04, f(p,L) =

pL

Commuting

Other Private

Business

# MLHQ draws:

1500

1500

1500

# observations:

2839

5316

7316

# individuals:

736

1396

1905

Null log-likelihood:

-1968

-3685

-5071

Final log-likelihood:

-1487

-2975

-4233

Likelihood ratio test:

-1485

-2896

-3770

Rho-square:

966

1578

2603

Adjusted rho-square:

0.25

0.21

0.26

Final gradient norm:

0.24

0.21

0.25

Name
Cost [mean]

Value
-0.059

t-test
-8.00

Value
-0.038

t-test
-12.41

Value
-0.038

t-test
-10.54

Income*COST

0.005

3.52

0.004

5.84

0.005

6.76

Delay time risk 0.1 [mean]

0.073

7.61

0.044

11.7

0.068

12.13

Delay time risk 0.025 [mean]

0.044

7.66

0.041

13.25

0.055

16.84

Cost [stddv]

0.030

6.35

0.019

10.69

0.023

11.98

Delay time risk 0.1 [stddv]

-0.050

-4.60

-0.016

-2.68

-0.029

-5.73

Delay time risk 0.025 [stddv]

-0.047

-6.77

-0.031

-9.56

-0.032

-9.15

Compensation: ticket voucher

1.140

6.13

1.200

10.41

0.682

7.00

Compensation: Coffee

0.266

2.35

0.228

4.43

0.131

2.6

Information, risk 0.1

0.625

4.56

0.561

8.28

0.675

9.48

Information, risk 0.025

1.200

6.36

1.020

9.08

0.886

8.76

Value of delay time

969

896

2415

2322

3284

7905

At risk 0.1 [kr/h]
Value of delay time
At risk 0.025 [kr/h]
Table 7. PC07, f(p,L) =

pL

Commuting

Other Private

Business

# MLHQ draws:

2000

2000

2000

# observations:

1438

2615

3667

# individuals:

371

683

934

Null log-likelihood:

-1993.49

-3625.16

-5083.54

Final log-likelihood:

-1393.26

-2680.67

-3526.22

Likelihood ratio test:

1200.46

1888.99

3114.634

Rho-square:

0.30

0.26

0.31

Adjusted rho-square:

0.30

0.26

0.31

Final gradient norm:

0.0068

0.0149

0.0208

Name
COST [mean]

Value
0.186

t-test
8.85

Value
0.141

t-test
9.24

Income*COST

-0.033

-4.96

-0.0274

-4.86

Delay time risk 0.05 [mean]

-2.02

-10.96

-2.39

-16.15

-2.45

0.114

Delay time risk 0.1 [mean]

-1.55

-14.66

-1.82

-20.60

-1.68

0.0654

Delay time risk 0.2 [mean]

-1.29

-14.68

-1.19

-17.98

-1.35

0.0541

Cost [stddv]

0.129

9.31

0.129

13.11

-

-

Delay time risk 0.1 and 0.05 [stddv]

-0.99

-3.16

-1.15

-4.42

-1.00

0.202

Delay time risk 0.2 [stddv]

-0.55

-10.63

-0.625

-14.55

-0.65

0.0342

Compensation: Coffee

0.618

3.03

0.273

2.19

-0.0307

0.103

1.91

7.13

2.78

14.24

2.32

0.148

Information

Value
0.0466
-

-

Value of delay time
at risk 0.05 [kr/h]

1393

1664

3155

1069

1267

2163

890

828

1738

Value of delay time
at risk 0.1 [kr/h]
Value of delay time
at risk 0.2 [kr/h]
Table 8. MPI07, f(p,L) =

pL

t-test
0.00454

# observations:
# individuals:
Final log-likelihood:
Rho-square:
Name
Cost
Income*COST
Delay time risk 0.1
Delay time risk 0.025
Delay time squared, risk 0.1
Delay time squared,,risk 0.025
Lambda, risk 0.1
Lambda, risk 0.025
Delay time risk 0.2
Delay time squared, risk 0.2
Delay time risk 0.05
Compensation: ticket voucher
Compensation: Coffee
Information, risk 0.1
Information, risk 0.025
Information, risk 0.2
Dummy, delay length 30 min

Business MP07
Quadr. pol.
3667
736
-3986
0.1316

Business PC07
Box-Cox
7316
1905
-4255
0.161

Business PC07
Quadr. pol.
7316
1905
-4233
0.161

Value
0.089
-0.019
-0.665

Value
-0.020
0.003
-0.047
-0.271

t-test
-12.58
9.01
-3.41
-1.66

Value
-0.021
0.003
-0.042
-0.049
0.00006
0.00015

t-test
-12.60
-9.06
-7.67
-8.12
-0.59
-3.46

0.932
0.462

9.37
3.13

0.418
0.069
0.331
0.423

6.94
2.5
7.91
7.89

0.396
0.070
0.336
0.432

-7.00
-2.49
-7.92
-8.10

t-test
-8.36
-11.05
-4.11

-0.024
-0.006
-0.859

-0.38
-3.09
-2.66

-0.043

-0.38

1.498
-4.008

-5.19
-7.19

Table 9. Business trips, MPI07 and PC07, f(p,L) =
p
(L -1)/ p

pL

+

2
pL

and f(p,L) =

9

References

Banverket (2005) Järnvägens utveckling. Banverkets sektorsrapport 2004.
[Annual report on the Swedish railway sector by the National Rail
Administration.
In
Swedish.]
Available
at
www.banverket.se/pages/12128/sektorsrapporter/Sektorrapport_04_SV
_Low_xx.pdf
Bates, J., J. Polak, P. Jones, A. Cook (2001) The valuation of reliability for
personal travel. Transportation Research E 37, 191-229.
Batley, R., Wardman, M., Shires, J., Ibáñez, J.N., Dargay, J., Whelan, G.
(2007) A discrete choice study to assess the impact of reliability on
passenger rail demand. Proceedings of the 2007 European Transport
Conference.
Bierlaire, M. (2003) BIOGEME: A free package for the estimation of
discrete choice models , Proceedings of the 3rd Swiss Transportation
Research Conference, Ascona, Switzerland.
Bierlaire, M. (2008) An introduction to BIOGEME Version 1.7. Available at
http://biogeme.epfl.ch.
Black, I.G., J.G. Towriss (1993) Demand effects of travel time reliability.
HMSO.
Börjesson, M. (2008) Joint RP–SP data in a mixed logit analysis of trip
timing decisions. Transportation Research E 44:6.
De Serpa, A.C. (1971) A theory of the economics of time. The Economic
Journal 81, 828-846.
Eliasson, J. (2004) Car drivers‟ valuations of travel time variability,
unexpected delays and queue driving. Proceedings of the 2004
European Transport Conference.
Fosgerau, M., Karlström, A. (2007) The value of reliability. Transportation
Research B, in press.
Hensher, D., Prioni, P. (2002) A Service Quality Index for Area-wide
Contract Performance Assessment. Journal of Transport Economics
and Policy 36:1, 93-113.
Hollander, Y (2005) Direct versus indirect models for the effects of
unreliability. Transportation Research A 40, 699-711.
Jackson, W. B., Jucker, J. V. (1982) An Empirical Study of Travel Time
Variability and travel Choice Behavior. Transportation Science 16:4,
460-475.
Kroes, E., Kouwenhoven, M. , Duchateau, H., Debrincat, L., Goldberg, J.
(2005) On the value of punctuality on suburban trains to and from Paris.
Proceedings of the 2005 European Transport Conference.
Kroes, E., Kouwenhoven, M., Duchateau, H., Debrincat, L., Goldberg, J.
(2007) The value of punctuality on suburban trains to and from Paris.
2007 TRB meeting.
Lam, T. K. Small (2001) The value of time and reliability: measurement
from a value pricing experiment. Transportation Research E 37, 231251.

Levander, A. (2007) Theory and Experimental Design in Non Market
Valuation. Application to Value of Time with Empirical Assessment
and Monte Carlo Evidence. Master‟s Thesis, Royal Institute of
Technology, Stockholm, Sweden. TEC-MT-07-003.
Nathanail, E. (2008) Measuring the quality of service for passengers on the
hellenic railways. Transportation Research A 42, 48–66.
Noland, R.B., Small, K. (1995) Travel time uncertainty, departure time and
the cost of the morning commute. 74th meeting of the TRB.
Noland, R. and J. Polak (2002) Travel time variability: a review of
theoretical and empirical issues. Transport Reviews 22:1, 39-54.
Rietveld, P., Bruinsma F.R., van Vuuren, D.J. (2001) Coping with
unreliability in public transport chains: A case study for Netherlands.
Transportation Research E 37, 539-559.
Senna, L.A.D.S. (1994) The Influence of Travel Time Variability on the
Value of Time. Transportation 21, 203-228.
Small, K. A., Noland, R., Chu, X., Lewis, D. (1999) Valuation of TravelTime Savings and Predictability in Congested Conditions for Highway
User-Cost Estimation. NCHRP Report 431, Transportation Research
Board.
Wardman, M. (2001) A review of British evidence on time and service
quality valuations. Transportation Research E 37, 107-128.
Vickrey, W.S., (1969) Congestion theory and transport investment.
American Economic Review, Papers and Proceedings 59, 251-260.
Vincent, M. (2008) Measurement valuation of public transport reliability.
Land Transport New Zealand Research Report 339.

