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Abstract

This paper presents the results of a series of mixed logit models focusing on the distribution of the values of travel time
savings. The parametric assumptions include both normal and various bounded distributions derived from the normal
(log-normal, Johnson�s Sb and a censored normal). The full model, which also incorporates a number of time budget
related variables, indicates that a small, but relevant share of the respondents might not value time savings, or would rather
extend the journey. This share is consistent with results from other studies. A series of models for the different types of
tours indicate even higher potential shares in situations with typically fewer binding time constraints.

The RP data used is derived from the six week travel diary Mobidrive. The observations from Karlsruhe are summa-
rised at the level of the tour.
� 2005 Elsevier Ltd. All rights reserved.
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1. Are negative values of travel time savings possible?

It is one of the basic assumptions of transport planning, that time spent travelling should rather be spent on
other things: working, studying, shopping, leisure, etc., which is another way of saying that travel is a derived
demand and that people are willing to pay for the reduction in travel time. The obvious counterexamples to
this assumption, i.e. all activities where movement is the actual purpose of the activity, e.g. walking, jogging,
hiking, pleasure driving, can be argued away by pointing out, that the travel is the purpose here and that these
travel times have to be categorized differently.

Still, when one considers the choices which are normally analysed to derive values of travel time savings
(VTTS), it is not obvious, that these have to be strictly positive for all travellers at all times and for all trip
purposes. Clearly, the VTTS should only be positive, if there is a binding time constraint, otherwise the VTTS
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should be zero. We can assume that there is a binding time constraint in the long term leisure and work trade-
off. It is binding, because it is understood that this trade-off concerns an allocation, in which time is indeed
fully allocated. The closest transport-related choice context to such a long-term choice is the joint work loca-
tion, mobility tool ownership2 and mode-to-work choice.3 In this context, we would expect the travellers to
make careful trade-offs between the alternatives to obtain a long-term combination of costs, travel times
and comfort which reflects their preferences optimally. Both the budget and the time constraint should be
binding here, resulting in a willingness to pay for travel time savings, i.e. a positive value of travel time savings
(VTTS).

It is clear, that the time constraint is unlikely to be always binding in the short term, i.e. the context of the
usual 1-day cross-sectional data, which are normally employed to estimate the VTTS. The work of Doherty
et al. (2000) and related other work on activity scheduling and the planning horizons of activities has made it
clear, that there is a large amount of buffer time and spontaneous activity performance in many persons� days.
It is therefore consistent with theory, if we find persons who have a VTTS of zero. We would expect that this
share varies by purpose and changes over the course of the day, as in most cases the time table becomes tighter
towards the evening or the night.

We would also expect to find the same person having zero or negative VTTS depending on the time con-
straints under which she has to operate during the course of a day or longer period. If we take the 1-day cross-
sectional data for what they are: short term decisions under time constraints, which are unknown to the
outside analyst, even negative VTTS become conceivable. It could indeed be the case that for a particular trip
the traveller wanted to extend it, because he enjoyed the conversation with the passenger, liked the cycling
home in the sun, dreaded the activity waiting at the end of walk. Therefore, one cannot a priori exclude neg-
ative values of travel time savings. See Thaler (1980) or Frank (1999) for other situations, in which traditional
a priori assumptions about consumer choices do not hold.

Extending this discussion, we can assume that nobody is interested in wasting their income on daily travel,
even in the short run. Then the question arise, how the valuation of the time spent travelling could become
positive, implying a negative value of travel time savings. It is useful to distinguish three kinds of utility
derived from movement (see also Mokhtarian and Salomon, 2001; Redmond and Mokhtarian, 2001)

• Moving to reach a destination (travel time).
• Performing other activities during travel (secondary activities4).
• Moving to enjoy the movement.

It is obvious that any positive utility of the second and third kind will reduce the negative utility of the first.
Unfortunately, this insight has not led to a careful empirical description of the incidence, extent and types of
secondary activities in travel surveys.5 Pure travel time is considered negatively by travellers. Microeconomic
theory suggests that this time should be valued at the resource value of time. As we cannot separate, as a rule,
the first from the other two kinds of utility, we will have to allow for positive total valuations, as we cannot
know their relative contributions. Assuming that we could identify the effects of the secondary activities, there
remains the third kind of utility. Even ignoring the runner�s high, a number of travellers will enjoy the mastery
of their vehicle or of their own bodies in movement. This pure enjoyment can be quite powerful at times. At
this time, we have no idea how large this element can become and how often it becomes relevant. Still, it
should contribute to a positive valuation of travel time in short run contexts.
2 Mobility tools is the summary term for all services, to which a user can commit longer term and change his/her short run marginal cost
of travel: car ownership, car leasing, public transport season tickets, public transport discount tickets, etc.
3 The mode-to-work model estimated from 1-day cross-sectional data is a much reduced form of the full model required. The day-to-day

variability in mode use to work adds additional random variation to the data and therefore the parameter estimates (see Schlich and
Axhausen, 2003 for evidence).
4 Ignoring cases, in which the travel is organized to engage in so-called secondary activities: meetings with colleagues, working, relaxing,

etc.
5 For an exception see ongoing work on ‘‘Travel time use in the information age’’ at University of the West of England (http://

www.transport.uwe.ac.uk/research/research.htm) with a conceptual discussion offered in Lyons and Urry (2005).

http://www.transport.uwe.ac.uk/research/research.htm
http://www.transport.uwe.ac.uk/research/research.htm
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Fig. 1 presents an example of the resulting distribution of time valuations under these assumptions, which is
characterised by the inflated zero probability. It is clear, that the modelling of this distribution creates prob-
lems in practical applications, as all of the commonly used parameter distributions do not allow for an inflated
share of zeros. The models estimated below do not capture the whole complexity of this suggestion, but are
constraint to less complex distributional assumptions.

These changed assumptions lead to changed modelling assumption. It is obvious, that the model formula-
tion should not exclude a priori the possibility of negative VTTS, as has often been the rule in past exercises
employing mixed logit formulations. The purpose of the paper is then to explore a particularly rich longitu-
dinal data set to see, if there is any empirical evidence for zero or negative VTTS, within the limits of the dis-
tributional assumptions used. If one does not share the assumptions set out above, then this aim is
nonsensical. Our models are then by definition misspecified (see for example Hess et al., 2005b and the refer-
ences there). Given our position set out above, we refute this strong claim.

In a weaker sense, most of our models (see below) are misspecified, as the distributional assumptions used
below do not allow for inflated shares of zeros. This will bias the estimates of the means and of the standard
deviations of the distributions, generally towards lower mean VTTS and higher standard deviations, which in
turn should inflate the imputed share of observations with negative VTTS. The values given below are there-
fore upper bounds, potentially including the case of predicting negative values where none exist in the true
distribution. Current work suggests though that these biases might generally be small (see Hess et al.,
2005c) and should therefore not invalidate our results.

It should be pointed out, that from our position models which do not allow for negative VTTS are equally
misspecified, in both of the strong and the weak sense mentioned above. The currently available model for-
mulations do not allow, as of yet, a conclusive test of either position (see Section 6).

We have discussed only the assumptions with regards to revealed behaviour (RP). Observations derived
from stated-response surveys raise different issues. Even with a survey recalling the reference situation, vividly,
one has to assume that the respondent only recalls part of the former experience, therefore the respondent�s
answers should be based on a considered form of reasoning. This should be even more so in abstract stated-
response exercises, which are only loosely based on the situation of the respondents. We would therefore
expect only positive VTTS values in such contexts. Negative VTTS in stated-response surveys are probably
indicative of response problems, but it should be kept in mind that respondents need to be reminded of the
opportunity costs of time throughout the survey (see Neumann and Friedman, 1980 or Hoskin, 1983 cited
in Okada and Hoch, 2004).

There is no need to discuss the previous literature on the value of travel time savings, positive or otherwise,
here. The paper is therefore structured as follows. In Section 2 we briefly recall the principal characteristics of
the data set used and of the framework employed to structure the daily patterns. Section 3 is dedicated to the
model formulations. Section 4 reports results of the initial logit and mixed logit mode choice models, which
form the basis for the later work. The section also explores various model formulation using non-normal
parameter distributions. Distributions of the VTTS are discussed in Section 5; the first part provides the
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Fig. 1. Hypothetical distribution of the valuations of time for a population of short term choices.



C. Cirillo, K.W. Axhausen / Transportation Research Part A 40 (2006) 444–457 447
estimates across all tours while the second explores VTTS variability across tour types (see below). Conclu-
sions and future perspectives are presented in Section 6.
2. Data set and tour framework

The data set used here was collected in 1999 in two German cities: Karlsruhe and Halle. The Mobidrive

study, whose main objective was to observe the variability and rhythms of daily life, involved 160 households
and 360 individuals in the main survey. Each individual reported for six continuous weeks. For details on data
collection techniques and descriptive results see Axhausen et al. (2002) and PTV AG et al. (2000).6 Here we
refer just to data collected in Karlsruhe for which data on the levels of service (LOS) for the used and non-used
alternatives was added.

The days recorded were structured according to the framework proposed by Bhat and Singh (2000) as
extended by Cirillo and Toint (2001). We recall briefly the principal elements of the schema adopted to
describe the daily activity chains.

The reported days are divided into working days, i.e. days including a commute or school trip, and non-
working days. Given the multiweek nature of the survey, the days of one individual can belong to either cat-
egory. All trips are grouped into tours. A tour is the sequence of trips performed by an individual, starting
from a given base (usually home or workplace) until the individual returns to this base. In general, these tours
employ only one mode. Each tour has a main activity defined by duration and purpose. Its main mode is the
mode with the highest speed. This simplification is justified by the small share of tours employing multiple
modes. Additionally, within a tour an individual might call at further locations to perform secondary
activities.

For each daily chain we define: the main activity of the day as work/education for working days and the
principal activity of the day as the longest duration out-of-home activity for non-working days. All daily activ-
ity chains are represented in relation with this pivotal activity.

The work tour is divided into morning and the evening legs, which are called the morning and evening com-

mute. All activities that take place before the morning commute will be referred to as morning activities and the
associated displacements grouped into one or more morning tours; they constitute the morning pattern. Simi-
larly, all activities taking place after the return from work to home (the evening commute) will be referred to as
evening activities and the associated displacements grouped into one or more evening tours; which together
constitute the evening pattern (Hamed and Mannering, 1993). Additionally, all activities taking place outside
the work location after the morning, but before the evening commute will be called midday activities and the
associated displacements, whose origin and destination are at work, are grouped into one or more midday

tours, in turn aggregated into the midday pattern.
We organize the daily pattern of the non-working days in a similar manner. The morning pattern represents

the activities and travel undertaken before leaving home to perform the principal activity of the day. The prin-
cipal activity pattern represents the activities and travel performed within the tour comprising the principal
activity of the day. Note that this definition implies that the principal activity pattern always consists of a sin-
gle tour. The (afternoon and) evening pattern comprises the activities and travel of individuals after their
return home from their principal activity.

To clarify those concepts and to make clear how daily patterns were reconstituted from the original data set
we give two examples in Table 1:

The first day involves just one tour. The traveller stops once on the way from work to home to shop; he
stays at work 9 h and 10 min, while the shopping activity takes 55 min. The second day is a non-working
day. The traveller�s daily pattern is composed by two tours. The principal activity is leisure, which takes
1 h and 55 min, we register for the same individual also a morning pattern, whose main purpose is shopping
and that takes 1 h and 20 min; no secondary activities are reported in this case. By applying this framework we
were able to identify 5795 tours, performed by 136 individuals belonging to 66 households; the average
6 See also http://www.ivt.ethz.ch/vpl/research/mobidrive for a list of the papers employing the Mobidrive data.

http://www.ivt.ethz.ch/vpl/research/mobidrive


Table 2
Number of tours by main mode and type

Type of tour Main mode Total (%)

Walking Cycling Vehicle driver Vehicle passenger Public transport All modes

Non-working days

Morning tour 286 328 638 182 138 1572 27.1%
Principal tour 250 203 541 264 207 1465 25.3%
Evening tour 51 31 89 25 25 221 3.8%

Working days

Morning tour 9 10 31 1 4 55 0.9%
Midday tour 20 53 33 3 24 133 2.3%
Work tour 213 474 561 76 379 1703 29.4%
Evening tour 112 144 181 170 39 646 11.2%
All tour types 941 1243 2074 721 816 5795
(Share in %) 16.3% 21.4% 35.8% 12.4% 14.1% 100.0%

Table 1
Example of patterns and tours

Example of a working day Example of a non-working day

Trip chain Departure/arrival time Trip chain Departure/arrival time

1 Home–work 8:00 am 8:20 am Home–shopping 11:10 am 11:25 am
2 Work–shopping 5:30 pm 5:45 pm Shopping–home 12:45 am 13:05 pm
3 Shopping–home 6:40 pm 6:55 pm Home–leisure 7:40 pm 8:05 pm
4 Leisure–home 10:00 pm 10:15 pm
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number of tours per individual in a single day is 1.72. Table 2 details the number of tours used for estimation
by main mode and type.

We have already mentioned that network level of service values for time and cost variables were added to
the demand data for the city of Karlsruhe, those values have been used to estimate the mode choice model
presented in this paper, as normal practice suggest. A descriptive analysis of the difference between revealed
and network in vehicle time calculated for trips and tours reveals that car times are lower, public transport
Table 3
List of independent variables used

Level Variables Categories Type

Household House hold location Urban/suburban Dummy

Individual Age Age 18–25/age 26–35/age 51–65 Dummy
Marital status Married with children (under 18) Dummy
Professional status Full time worker Dummy

Female and employed part-time Dummy
Use of car Main car user Dummy

Total annual mileage by car Continuous
Use of public transport Number of season tickets Discrete

Pattern Time budget [min/100] 24 h—time spent on previous activities (home stay included) and
previous travel

Continuous

Sum of travel times [min] Sum of time spent travelling until the start of the tour Continuous
Tour duration [min/100] Sum of tour travel time and activity duration Continuous
Number of stops Number of secondary activities observed within each tour Discrete

LOS Time [min] Continuous
Cost [DM] Including any parking fees Continuous
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times equal and that slow mode times (especially walk time) are larger in the network model. The differences
are all around 5 min, which is acceptable considering the approximations made by the individuals when stat-
ing their departure and arrival times, as well as the known errors in the network models and the inaccuracies
of the underlying geocoding.

Table 3 lists the set of variables used. Given the short term nature of the choices observed, we have included
a number of variables describing longer-term commitments, such as car and season ticket ownership. In the
same spirit, we have included variables describing the position of the traveller at the start of the modelled tour,
in particular those which detail the amount of time spent out-of-home or on travel on the day so far. The num-
ber of stops in the tour variable could be considered endogenous, as it might increase with the use of, say, the
car. Still, this would imply that the number of stops, i.e. activities, is generally not well planned. Even allowing
for the need to fill unused buffer times, this seems unlikely. The same argument applies to the variable tour
duration.

3. The model formulations

The preferred tool to infer relative valuations of the elements of the generalized costs of travel is the discrete
choice model. It allows the analyst to explain individual discrete choices using observed variables and unob-
served factors summarized in an appropriate error term (e). Since e is not observed, the choice is not determin-
istic for the analyst, but if a distribution is imposed on it, one can treat the process as probabilistic.

Using the notation introduced by Train (2003) we can express this probability as follows:
Pni ¼ ProbðUni > Unj 8j 6¼ iÞ ¼ ProbðV ni þ eni > V nj þ enj 8j 6¼ iÞ

¼
Z

Iðenj � eni < V ni � V nj 8j 6¼ iÞf ðeÞde ð1Þ
where Unj is the utility that decision maker n obtain from alternative j; Vnj is the systematic utility; I is equal to
1 when the statement between brackets is true, 0 when it is false, and f(e) is the a priori assumed density func-
tion of the unobserved term e.

Depending on the specification of e and V the integral takes different forms. With regards to the distribution
of the disturbances we estimate logit models and mixed logit models, whose theoretical fundaments are briefly
recalled in the next sub-sections. With reference to the V function form, we estimate models with linear and
non-linear specifications, in which second-order terms are introduced.

3.1. Multinomial logit model (MNL)

By assuming that e is independently, identically distributed (IID) extreme value, a closed mathematical
expression can be developed for the integral (1). The probability that individual n chooses the alternative i

among a finite number of alternatives J is
Pni ¼
eV niP
je

V nj
ð2Þ
which, is the logit choice probability (Ben Akiva and Lerman, 1985).
The IID hypothesis on the distribution of the error terms induces several limitations, which we summarize

into four points:

• logit models are homoscedastic;
• logit models can handle just deterministic taste variations, but not random taste variation. This is the case
when we estimate second-order variables, allowing for example socio-economic variables to affect the mar-
ginal utility of the level-of-service variables (see Cherchi and Ortuzar, 2003 for an exhaustive discussions on
the subject);

• logit models implies proportional substitution patterns and exhibits the property of independence from
irrelevant alternatives (Train, 2002);
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• logit model error terms are independent over times and cannot account for correlations in repeated choices
observations. However some re-sampling techniques (Jack-knife and Bootstrap) have been used in MNL
models to eliminate the bias due to repeated observations (Cirillo et al., 2000).

In this paper we will use a different approach, which resolves the four limitations presented.

3.2. Mixed multinomial logit model (MMNL)

The mixed logit formulation is rather more complex than logit, but much more flexible. In particular,
MMNL model estimate taste variation, avoid the problem of restricted substitution pattern in standard logit
model and account for state dependency across observations.

Mixed logit probabilities are expressed by means of the integral of standard logit probabilities over a den-
sity of parameters (McFadden and Train, 2000):
Pni ¼
Z

LniðbÞf ðbÞdb ð3Þ
where Lni(b) is the logit probability of Eq. (2); f(b) is a density function.
The mixed logit derivation that we will use in our application is based on random coefficients. f(b) is spec-

ified to be continuous, in particular the density of b is normal, lognormal, Johnson�s Sb or normal censored
from below zero. The choice probability under this assumption is
Pni ¼
Z

LniðbÞ/ðbjhÞdb ð4Þ
where /(bjh) is the density with parameter vector h.
The vector of unknown parameters is then estimated by maximizing the log-likelihood function, i.e. by

solving the equation:
max LLðhÞ
h

¼ max
h

XN
1

ln PninðhÞ ð5Þ
where in is the alternative choice made by the individual n. This involves the computation of PninðhÞ for each
individual n, n = 1, . . . ,N, which is impractical since it requires the evaluation of one multidimensional integral
per individual. The value of PninðhÞ is therefore replaced by a Monte–Carlo estimate obtained by sampling over
b, and given by
SPR
nin

¼ 1

R

XR
r¼1

Lninðbr; hÞ ð6Þ
where R is the number of random draws br, taken from the distribution function of b. As a result, h is now
computed as the solution of the simulated log-likelihood problem
max
h

SLLRðhÞ ¼ max
h

1

N

XN
n¼1

ln SPR
nin
ðhÞ ð7Þ
We will denote by h�R a solution of this last approximation (often called sample average approximation, or
SAA), while h� denote the solution of the true problem (5).

A major drawback of Monte–Carlo methods is their slow convergence rate. Quasi Monte–Carlo methods
attempt to speed up this convergence by being more selective in the choice of the sampling points used to eval-
uate the choice probabilities. This suggests the use of Halton draws (Bhat, 2001) instead of Monte–Carlo ran-
dom draws. Bhat found that when the number of random parameters is small (typically less or equal to five),
the approximation of the objective function based on Halton sequences usually succeeds in giving the same
results as pure Monte–Carlo sampling with fewer random draws. Our initial models were calibrated with
the Gauss (Aptech System Inc., 2003) routine made available by Kenneth Train on his website with 125
Halton draws (Train, 1999). More complicated specifications (i.e. model with ten random dimensions) have
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been estimated using AMLET, a new software which uses an adaptive stochastic programming algorithm to
estimate the objective function (Bastin et al., in press).

3.3. Mixed logit model on panel data

We consider now the case in which an individual n chooses among alternative j = 1, . . . ,J in choice situa-
tions t = 1, . . . ,T. Its utility can be expressed as
Unjt ¼ bnxnjt þ enjt ð8Þ
where enjt is the IID extreme value, bn = g(bjh) is the vector of parameters randomly distributed in the pop-
ulation and xnjt are the independent variables. We observe for each individual the sequence of choices
yn = (yn1, . . . ,ynT). The probability to observe the individuals� choices is given by the product of logit proba-
bilities Lnt (Train, 2003):
P ðynjxn; bÞ ¼
YT
t¼1

LntðyntjbÞ ð9Þ
Again we need to integrate the probability (9) over the distribution of b and to solve the integral by means of
Monte–Carlo simulations.

4. Model estimation results (all tours)

Using the Mobidrive data collected in the city of Karlsruhe we model individual short-term mode choice
preferences. The alternative choice set includes five modes: car driver, car passenger, public transport, walk
and bike. Daily trip chains are divided into tours using the framework described in Section 2; we account
for all tours reported by an individual. This procedure allows the calculation of pattern specific variables.
We include observations relating to working and non-working days across all days of the week and all
purposes.

The initial set of models are the basic MNL including all variables described above, a MMNL with normal
distributed time, cost, time budget, sum of travel times and tour duration parameters and finally the same
MMNL, but accounting for panel nature of the data across each person-day. We are aware, that the assump-
tion of the normal distribution is problematic. While it reproduces the mean and variance of various possible
true underlying distribution well (Hess et al., 2005c), it is likely to provide biased estimates of the size of the
tails, if the true underlying distribution is censored, skewed or has a mass point. If one has to assume, as in our
case, that all three conditions might be met by the true underlying distribution, then an estimate employing the
normal distribution is likely to overestimate the share of tours with positive values of time. One has to inter-
pret it as an upper bound, as discussed above.

We report in Table 4 the parameter estimates of models. The goodness-of-fit statistics of these and further
models discussed below are shown in Table 5. In all three models we estimate 21 parameters, of which four are
alternative specific constants (car driver is the base), two relate to household location, nine to individual char-
acteristics, two to the LOS variables (cost includes the parking fare) and four pattern variables. In the mixed
logit models we specify as normal five parameters: time, cost, sum of travel time, tour duration and time bud-
get. The socio economic characteristics are all added to the utilities as alternative specific.

Given that MNL model and MMNL model do not differ substantially in their parameter estimates we con-
centrate the discussion on the latter model. The log-likelihoods of MMNL models are higher, but not dras-
tically so. All parameters are significant except for being a full time worker and the standard deviation of
tour duration. Looking at the effect of the socio-demographic variables on car driving; we observe that being
an individual with children, having the main use of a car, the miles travelled per year by car, the number of
stops (or secondary activities) per tour have increase this utility. The only variable with a negative effect on the
car driving utility is the number of season tickets owned by the respondent. An individual located in the sub-
urban area of Karlsruhe or aged between 25 and 35 uses the car more frequently (both as driver and as pas-
senger). Females with a part time job have a higher probability to be car passengers. We found that people



Table 4
Parameter estimates of the initial tour mode choice models

Parameter Alternative Multinomial logit Mixed logit Mixed logit on panel data
(day)

b t-Stat. b t-Stat. b t-Stat.

ASC car passenger CP �0.897 �10.1 �1.139 �12.4 �1.665 �11.4
ASC public transport PT �0.762 �4.7 �0.723 �4.2 �0.822 �2.7
ASC walk W 1.138 7.6 1.336 8.0 1.666 5.7
ASC bike B 0.678 4.6 0.885 5.4 1.032 3.6
Suburban household location CD, CP 0.398 5.1 0.442 5.1 0.411 2.3
Urban household location PT 0.150 1.5 0.199 1.8 0.477 2.7
Age 18–25 PT 1.231 1.9 1.323 7.9 1.402 4.1
Age 26–35 CD, CP 0.278 4.5 0.350 2.1 0.551 1.7
Age 51–65 PT 0.440 1.4 0.491 4.8 0.527 3.1
Full time worker PT �0.136 �9.5 �0.123 �1.2 �0.281 �1.4
Female and part-time CP 0.908 10.5 0.725 6.9 1.156 6.7
Married with children CD 0.820 10.5 0.793 8.9 1.305 7.6
Main car user CD 1.106 12.6 1.073 12.0 1.356 8.6
Annual mileage by car CD 0.025 7.9 0.027 7.4 0.034 4.2
Number of season tickets CD �0.217 �2.5 �0.192 �2.1 �0.134 �0.8
Number of stops CD 0.130 3.3 0.161 3.7 0.328 4.9
Time (mean) All �0.019 �11.9 �0.028 �9.5 �0.061 �10.4
Time (s.d.) All – – 0.021 5.9 0.062 10.9
Cost (mean) CD, PT �0.104 �9.5 �0.123 �8.1 �0.299 �9.3
Cost (s.d.) CD, PT – – 0.041 2.4 0.246 7.9
Time budget (mean) CD, CP �0.027 �1.9 �0.034 �2.0 �0.111 �3.9
Time budget (s.d.) CD, CP – – 0.064 1.7 0.307 13.7
Sum of travel time (mean) B �0.194 �8.6 �0.041 �6.5 �0.073 �9.0
Sum of travel time (s.d.) B – – 0.040 5.1 0.077 7.9
Tour duration (mean) PT 0.370 17.5 0.396 16.9 0.563 13.0
Tour duration (s.d.) PT – – 0.002 0.05 0.087 0.8

Table 5
Goodness of fit statistics, values of travel time savings (VTTS) of the tour mode choice models (sorted by goodness of fit)

Distributional assumptions for Panel L(b) bTime: share below
and including zero

bCost: share below
and including zero

Characteristic points of the
VTTS distribution

Time Cost 95% Mean Median

C. normal Log-normal Yes �6028 36% n.b.d. 841.33 156.14 14.99
Normal Log-normal Yes �6032 16% n.b.d. 718.77 133.74 21.01
Normal Normal Yes �6040 12% 12% 60.83 11.22 8.86
Normal Normal Yesa �6040 16% 12% 60.21 10.88 8.63
C. normal Johnson�s Sb

b Yes �6047 36% n.b.d. 440.55 88.22 21.00
Normal Johnson�s Sb

b Yes �6051 17% n.b.d. 223.15 44.47 13.77
Normal C. normal Yes �6051 15% 42% 46.52 10.47 4.86
Log-normal Log-normal Yes �6058 n.b.d. n.b.d. 428.60 83.08 16.09
C. normal C. normal Yes �6060 40% 45% 70.49 14.74 3.59
C. normal Normal Yes �6063 37% 11% 58.27 10.79 8.91
Johnson�s Sb

b Johnson�s Sb
b Yes �6066 n.b.d n.b.d. 118.45 27.34 10.12

Johnson�s Sb
b Normal Yes �6069 n.b.d 10% 53.86 12.60 6.52

Log-normal Normal Yes �6070 n.b.d 10% 68.58 13.74 6.45
Normal Normal Noa �6446 9% �0% 34.25 15.35 13.47
Normal Normal No �6447 10% �0% 35.14 14.50 13.03
Log-normal Log-normal No �6449 n.b.d. n.b.d. 41.33 14.62 10.41
Fixed Fixed No �6465 – – – 10.96 –

L(0) = �8179.88; L(Constants) = �7503.82.
C. normal Censored normal.
n.b.d. None by definition.
a Correlated time and cost parameter.
b Johnson�s Sb with parameters values constrained between 0 and 1.
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aged between 18–25 and 51–65 years have a higher propensity to use public transport. The urban location of
the household is also having a positive influence on the public transport utility.

We found time and cost coefficients strongly negative as expected, both the means and standard deviations
being significant. The average value of the willingness to pay is 14.5 German Marks (DM) per hour (about
7.5 €—Euro or 9.8 US$). The implied probability distribution will be discussed below.

The parameter of the time budget variable, defined as the total amount of time available in a day (24 h)
minus the time spent in previous activities (both at home and out of home) has a negative mean suggesting
that individuals are more likely to use their own car as their time constraints become tighter. We also observe
that the standard deviation is larger than the mean value: for 30% of the population this parameter has there-
fore a positive value. The ratio of the time budget and the cost coefficient implies an average monetary valu-
ation of 18.1 DM (�9 €) per hour but a very large interval of variation with an upper bound of 75.0 DM
(�37 €).

The likelihood of public transport use grows with the duration of a tour. For the models in Table 4 we
tested specifications without the variable to avoid double counting travel time. The resulting models per-
formed substantially worse and none of the other parameter estimates changed substantially. The activity time
element of the variable dominates. The original specification was therefore retained.

The parameter for the total time spent travelling so far, estimated as alternative specific to the bike mode, is
more negative than the travel time parameter. One obtains a valuation with a mean of 22.4 DM (�11 €) per
hour and an upper bound of 62.5 DM (�31 €). Fifteen percent of the cycling population could show a negative
valuation of the travel time savings assuming normally distributed parameters. The statement that some peo-
ple enjoy the travelling as such (Richardson, 2003) could be particularly true for bicyclists. The tour duration
has a positive influence on the utility of public transport use. The standard deviation of this parameter is not
significant and we therefore cannot make any suggestions about the distribution.

We have also estimated the same mode choice model accounting for correlations across tours observed
along the day for the same individuals (mixed logit on panel data). The log-likelihood for this model is much
higher than for the previous one: �6039.21 compared to �6446.88 (Table 5). We note that all the coefficient
estimates keep the same sign and stay significant except for two socio-economic characteristics (full time work-
ers and number of season tickets). However, the cost parameter is found to be positive for about 12% of the
population and will give a singularity in the VTTS calculation, which is unacceptable from a conceptual point
of view.

Further tests were performed in order to better assess model properties and limitations (see Table 5). When
accounting for correlation between time and cost parameters we could not reject the null hypothesis that the
correlation term is different from zero. We also investigate if bounded distributions are more appropriate than
the unbounded normal for time and cost. The parameter distributions for the three other variables identified
above was assumed to be normal throughout. Estimates with time and cost parameters log-normally distrib-
uted were found to perform equally on cross-sectional data and slightly worse on panel data in terms of their
explanatory power. We obtain better results by imposing a normal distribution for time, a lognormal distri-
bution for cost and by accounting for correlation across observations; the share of the population with posi-
tive time parameter increases to 16%. We extended our empirical analysis on negative value of time estimating
our model under other bounded distributional assumptions. Those distributions are obtained through the fol-
lowing transformations of normal7:

• Johnson�s Sb distribution (c = exp(b)/(1 + exp(b))), which is often recommended in the literature for the
higher flexibility when compared to log-normal and for their thinner tails below the bound (Train and Son-
nier, in press). In this application we consider Sb with values distributed between zero and one.

• Normal censored from below at zero (c = max(0,b)). This transformation is particularly attractive, because
it allows a mass at zero, with density above zero being normal. The mass at zero indicates that part of the
population do not care about the coefficient censored (at least in the specification context considered).
7 When experimenting lognormal, Johnson�s Sb and censored normal the sign of time and cost is reversed, such that the parameters are
always negative.
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The results (Table 5) however, show that none of the four tests with Johnson�s Sb distribution (parameters
constraint to values between zero and one) improved the log-likelihood function. Censored normal produced
slight improvements when compared to Sb, but did not fit best. In terms of the log-likelihood function the best
combination of distributions is to assume, that the time parameter is a distributed according to truncated nor-
mal and the cost log-normal: �6028.07 for the log-likelihood function, which is the best goodness of fit value
found with the bounded distributions under study. Before ending this Section we would like to point out that
differences are small for two principal reasons: first we are experimenting with only two parameters, secondly
the distributions considered are normal or transformations of the Normal. Still, the trend is consistent: assum-
ing a bounded distribution for cost always gives a better fit than assuming a bounded distribution for time.

5. Distribution of the VTTS

5.1. For all tour types

The MMNL model identifies not only parameter averages but also their standard deviation across the pop-
ulation. In order to use all the information on the distributions estimated, the VTTS was calculated by means
of simulations (Hensher and Greene, 2003). We generated 50.000 draws of time and cost parameters from
their distributions and we computed the ratio over the two values. Then we calculate the VTTS mean and
the relative standard deviation over those draws. To ensure that the mean calculated reflects the majority
of individuals in the sample it is often suggested to remove the last few percentiles from the VTTS distribution;
following the examples in the literature we decided to remove the highest and lowest two percentiles. For cen-
sored (at zero) normal we remove only the highest two percentiles. See Table 5 for the results and Fig. 2 for
four of the VTTS resulting distributions.

The plain mixed logit model with unbounded distributions for time and cost produces an average VTTS of
14.5 DM per hour; the time parameter is negative for about 90% of the population, while the cost parameter is
Time and Cost Normal1
   Time Normal; Cost Log-Normal2

Time Normal censored; Cost Log-Normal2  Time Normal censored; Cost Johnson’s Sb
2

1 Cross sectional data  2 Panel data 
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Fig. 2. Mixed logit model: VTTS distributions (base 50,000 random draws).



C. Cirillo, K.W. Axhausen / Transportation Research Part A 40 (2006) 444–457 455
negative for all except a few respondents. The resulting VTTS distribution includes 10% of the respondents
with zero or negative VTTS. This does not differ from those found by other authors who have calculated
VTTS distributions. Algers et al. (1998) report in their study, that 11% of the population had a zero or neg-
ative VTTS. Richardson (2003) analys ing an adaptive Stated Preference survey found 14% of the respondents
with a negative VTTS.

We also estimate the VTTS average when accounting for correlation across time and cost parameters; the
Cholesky decomposition is used to identify the standard deviation (see Table 5). Since the correlation factor is
not significant it is not surprising that the average of 15.3 DM per hour does not differ from the value found in
the mixed logit model without accounting for the correlation. Similar values are found when estimating time
and cost parameters as lognormal distributed.

In the panel formulation with unconstrained distributions for time and cost the percentage of people with
positive value of travel time rises from 10% to 15%, but the cost parameter distribution also becomes positive
for about 12% of the population producing singularities at zero andmaking further VTTS comparisons difficult.

VTTS values become very high in the models accounting for panel correlation across observations; the
model with time and cost distributed as lognormal gives an average VTTS of about 83.1 DM (median:
16.1 DM), while the model with time normal and cost log-normal gives a mean value of 133.7 DM (median:
21 DM) (see Table 5). Those results are caused by the long and fat tail inherent in the lognormal distribution.
The more reasonable medians highlight this problematic feature. But note, the results for the model, which
does not account for the panel effect (see Table 5).

To avoid large parameter values typical of log-normal distributions, it is often suggested to use the Sb dis-
tribution; the VTTS obtained with time normal and cost Sb distributed (which is the best in terms of fit when
considering Sb) drops to 27.3 DM per hour (median 10.1 DM), but see Table 5 for the combination of the Sb

for cost with a censored normal for time.
As described in Section 4 the best combination of unbounded distributions was the one with time normal

censored at zero and cost log-normal (see Table 5). The average VTTS stays very high 156.1 DM but median is
still consistent with the values previously found (�15 DM). The estimates also imply that 36% of the popu-
lation do not care about time. This share is larger than expected, but could be explained by the fact that Mobi-
drive model accounts for all tours and all purposes, including many situations where the travellers were not
bound by constraints. Similarly high shares have been found by Hess et al. (2005a), using non-parametric
assumptions.

There are noticeable shares of respondents with zero or negative VTTS in all specifications, which allow for
them. These shares are even higher, when the specification allows for a mass at zero, indicating persons for
which the constraints are not binding. Using the censored normal for the time parameters also produces rather
large mean VTTS, which would raise questions in practical application. It also suggests very high shares of
persons with no time constraints. A number of combinations result in reasonable values, without too large
differences in their respective goodness-of-fit. From our perspective a combination of an a priori non-positive
cost parameter with a normal distribution for time seems desirable. These models suggest shares around 15%
for persons with negative VTTS and reasonable mean values, unless one assumes a log-normal distribution for
the cost parameters.

5.2. By tour type

We finally estimate a model having the same specification as the MMNL above, but with normally distrib-
uted travel time parameters specific for each of the six tour types defined by the framework of Section 2. The
cost parameter is also assumed to be normally distributed. Most of the time parameters have significant means
and standard deviations (except for time specific to post principal activity—non-workers and for the standard
deviation of the morning pattern-workers). The final value of the log-likelihood function for this model spec-
ification is �6402.36.8
8 The likelihood ratio test has been performed to reject the null hypothesis that restrictions to logit model and to mixed logit model with
5 degrees of freedom are true.



Table 6
VTTS distribution by tour and day type (base 50,000 random draws)

Morning pattern Principal pattern Evening pattern

Non-working days

95th percentile VTTS [DM/h] 53.6 62.3 14.2
Average VTTS [DM/h] 23.5 19.6 5.2
Median VTTS [DM/h] 20.7 17.7 5.0
Share of % negative VTTS 8.5 24 20

Main pattern
Working days

95th percentile VTTS [DM/h] 7.6 24.5 55.1
Average VTTS [DM/h] 4.4 13.6 19.7
Median VTTS [DM/h] 3.2 12.7 18.8
Share of % negative VTTS 0 0 19
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The results shown in the upper part of Table 6 are interesting. For non-working days in the morning pat-
tern we have a low percentage of activity episodes with negative VTTS (8.5%). The highest percentage (of
about 24%) is found in the distribution of VTTS for the principal pattern, the percentage is lower (20%)
for the evening patterns.

The average values are higher than the values found in the MMNL model for all types for the morning and
principal pattern, in the evening we calculate a willingness to pay of just 5 DM; here we can recall results of an
earlier descriptive analysis, where we found that travellers on non-working days go out in the evening espe-
cially for personal business.

For working-days (lower part of Table 6) we do not observe negative VTTS for the morning and commute
pattern. In the morning workers have a low willingness to pay, in the commute pattern the average VTTS is
about 14 DM in line with the value found in the general mixed logit model. In the evening workers have a
much higher willingness to pay with an average of about 20 DM and a large standard deviation, which gives
an 95th percentile of 55 DM. While the evening tour is mostly shopping and leisure, the time constraints seems
to be more binding, which is in line with the results for the time-budget variable earlier.

6. Conclusions

Specifying models which permit negative VTTS to occur, the work presented here has shown that these
indicate small shares of respondents with negative values, in particular during non-work tours. Given the dif-
ficulties of the normal distribution to estimate the size of the tails of an underlying true distribution which
might be censored, skewed and have a mass-point (at zero) these values are upper bounds. The interaction
between the tour types, tour purposes or the time budgets/times spent and the value of travel time savings
indicates that travellers respond according to their situation. This is in line with the usage patterns of, for
example, the Californian HOT lanes, where again many travellers use them when they are under time pressure.

The estimated shares of respondents with negative VTTS is in the relevant, full models comparable to other
estimates reported in the literature. This share of about 10–15% is difficult to assess, as there is little literature,
which provides an independent assessment of how pleasurable travel is for travellers. If Csikszentmihalyi
(1990) result holds, which suggests, that driving is one of the most pleasurable everyday activities, then the
10% share might actually be too low. Still, one should keep in mind the earlier argument, that our models
are giving upper bounds for these shares. This is also true for the higher estimates derived from models which
assume censored normal distributions for travel time.

The parameter estimates of the mean effects are generally stable for the full models and do not vary too
strongly with the increased sophistication of the modelling approaches. This increases their credibility. The
estimates of the variances are obviously affected by the distributional assumptions.

While this paper adds evidence to the case, that negative or zero VTTS could be a regular occurrence, when
people take short-term decisions, it cannot provide proof, as discussed in the introduction. The parametric
assumptions imposed on the parameter distributions makes that impossible. To advance the discussion
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beyond its current stalemate it is necessary to develop estimators for a non-parametric model formulation,
which is able to approximate the true distribution directly. The authors hope to address this issue in a future
paper using this and other datasets.
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Hess, S., Bierlaire, M., Polak, J.W., 2005b. Mixed logit estimation of value of travel-time savings. Transportation Research 39A (2–3),

221–236.
Hess, S., Polak, J.W., Axhausen, K.W., 2005c. Distributional assumptions in mixed logit models. Arbeitsbericht Verkehrs- und

Raumplanung, 305, IVT, ETH Zürich, Zürich.
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