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Samenvatting

Het gebruik van keuzesets voor schatting van keuzemodellen en voorspelling van routekeuzen

Deze bijdrage onderzoekt de relatie tussen type keuzesets en het gebruiksdoel, met name het
schatten van routekeuzemodellen en het voorspellen van routekeuzen. De onderscheiden
typen keuzesets zijn gegenereerde objectieve keuzesets en waargenomen subjectieve
keuzesets. Voor schattingsdoeleinden lijken subjectieve keuzesets het meest geschikt
(alhoewel het gebruik van objectieve keuzesets ook voordelen kan hebben), terwijl voor
voorspellingen het gebruik van objectieve keuzesets het meest voor de hand ligt. Een
empirische analyse met keuzesets van multi-modale interstedelijke treinreizen laat duidelijke
verschillen zien tussen keuzemodellen geschat met subjectieve of objectieve keuzesets.
Toepassing van deze keuzemodellen voor voorspellingen toont aan dat keuzemodellen
gebaseerd op subjectieve keuzesets slechtere resultaten geven bij toepassing op objectieve
keuzesets dan andersom. Daarom wordt aanbevolen om voor zowel het schatten van
routekeuzemodellen als voor het voorspellen van routekeuzen, gebruik te maken van
objectieve keuzesets.

Summary
On the use of choice sets for estimation and prediction in route choice

This paper investigates the relationships between choice set types and analysis purpose,
especially estimation and prediction. The choice set types considered are generated objective
choice sets and observed subjective choice sets. While for estimation purposes subjective
choice sets might be preferred, although objective choice sets might have benefits as well,
objective choice sets appear to be most suitable for prediction purposes. Empirical analysis of
choice sets for multi-modal inter-urban train trips shows clear distinction between choice
models estimated using objective choice sets and using subjective choice sets. Applying these
choice models for prediction shows that choice models based on subjective choice sets have a
poorer performance when applied to objective sets than vice versa. As a result it is
recommended to use objective choice sets for both estimation and prediction purposes.



1 Introduction

Choice sets are widely used in the analysis of travel behaviour, either for analysing choice
behaviour, estimating parameters of choice models, or predicting choice probabilities.
Defining choice sets, however, is not a trivial task. For mode choice analysis for instance it is
common to define a choice set consisting only of public transport, car and slow modes,
although each of these can be composed into more detailed alternatives. Further, when
combinations of modes are considered for line haul, access and egress, the definition of the
choice set becomes more complicated. This is even truer in the case of route choice analysis.
Depending on trip type and network structure many possible alternatives might be
distinguished, while travellers are likely to consider only a limited set of alternatives.
Selection of a set of reasonable alternatives might be straightforward for an individual
traveller, but it is difficult to formulate an algorithm that approximates the varying choice set
decision rules among travellers. However, it is well known that the size and composition of
choice sets that are used will influence the results of model estimation and prediction.
Furthermore, as estimated choice models are used for prediction the purposes of estimation
and prediction are inextricably linked. Therefore, defining proper choice sets requires serious

consideration.

This paper discusses the relationships between choice set types and analysis purposes in order
to derive guidelines for choice set usage in estimation and prediction. First, a classification of
choice set types is presented, followed by a discussion on choice set types that are likely to be
available for estimation and prediction purposes. Next, an extensive database on multi-modal
inter-urban train trips is used to estimate parameters for different types of choice sets. This is
followed by an analysis of the performance of the estimated choice models in the case of
prediction, with special attention to the situation in which choice models are applied to choice
set types different from those with which they were estimated. Finally, the conclusions that

can be derived from this analysis are discussed.
2 Choice set classification

Choice sets might be classified from the perspective of the traveller or the researcher.
Hoogendoorn-Lanser (2005) presents a scheme based on alternatives that are logical and are
feasible on the one hand and that are known or are considered by the traveller on the other

hand (see also Fiorenzo-Catalano et al. (2003), Hoogendoorn-Lanser and Van Nes (2004)).



The first group of characteristics might be defined in an objective way, while the second
group clearly depends on the traveller himself. A third distinction can be made on the way the
choice set has been derived: by the traveller (i.e. actual behaviour), observed by a researcher,

or generated by a researcher.

In this paper we take the perspective of the researcher who studies travel behaviour defining
choice sets by explicit criteria as shown in Figure 1. For clarity we’ll limit the number of

choice set types to be considered in this analysis to two:

1. Generated objective choice sets: choice sets generated by the researcher that consist of
alternatives that are logical, i.e. do not contain loops, and are feasible for the traveller

based only on objective criteria such as vehicle availability;

2. Observed subjective choice sets: alternatives that are reported by travellers, these

alternatives are thus known and feasible;

Sets Characteristics

Universal set Existing

Generated objective _
master set - Logical

Generated objective

choice set Feasible
Generated subjective
choice set Known
Generated
Considered

consideration set

Chosen aIternativeI _ I Chosen

Figure 1 Relationships among existing, logical, available, feasible, known, preferred and
chosen trip alternatives from the researcher’s perspective

Alternatives that are not feasible, but are included in the generated objective master set, are
considered not to be relevant. The distinction between consideration set and subjective choice
set is difficult to establish. Therefore, all alternatives reported by the traveller are assumed to
part of the subjective choice set. Generated objective choice sets are likely to be much larger

than observed subjective choice sets.



3 Choice set type and analysis purpose
Choice sets may be used for three purposes:

1. Analysis of travel behaviour;

2. Estimation of parameters in choice models;
3. Prediction of probabilities of alternatives.

In the first case, the researcher has full knowledge of the characteristics of the choice set type
he is using. Specific characteristics or even limitations thus might be accounted for in the

analysis. The other two cases require more attention.
3.1 Estimating parameters

For estimation, the choice set type strongly influences the estimated parameters as well as the
formulation of the choice model itself (e.g. Van der Waerden et al. (2004), Train (2002), and
Hoogendoorn-Lanser (2005)). Researchers might generate objective choice sets themselves or
might determine which alternatives are known by travellers (subjective choice sets). The
differences between the two types might be manifold. To illustrate this difference the
conceptual model for travel choice analysis presented by Bovy and Stern (1990) can be used.
Due to information limitations, travellers are only aware of a subset of all alternatives that
might be possible. Based on specific attributes they may eliminate alternatives, either based
on preferences or on feasibility. The remaining alternatives might be ranked using a kind of
trade-off between attributes. Finally a certain decision rule might be applied to determine the
optimal alternative. This conceptual model differs somewhat from the notions presented in the
previous section, however, it shows that many mechanisms and many criteria are possible to
reduce the objective set to a smaller choice set. Subjective choice set could thus be a specific

sample of the objective choice set.

Random Utility Models are commonly used to study travel behaviour. A typical characteristic
of RUM-models is that they assume compensatory behaviour: alternatives which score badly
for one attribute might still be attractive due to high scores for other attributes. In the
framework of Bovy and Stern this concept is only applicable in the last step. The choice set
type that best resembles this situation is the subjective choice set. This implies that for the
application of RUM-models it would be best to use subjective choice sets. Using objective

choice sets would mean that the choice model also would have to account other choice related



mechanisms such as elimination based on specific preferences or feasibility. The choice
model thus confounds the actual choice process with the determination whether the alternative

is considered or not.

Consequence of this line of reasoning is that subjective choice sets should be derived, either
by observation or using a generation method. Observing subjective choice set is already quite
complicated. Asking travellers for possible alternatives for a certain choice might easily invite
them to come with more alternatives than they actually considered. Hoogendoorn-Lanser
(2005) suggests making a distinction between alternatives that are mentioned direct and
alternatives that come up after a moment of thought. Generating a subjective choice set is
even more difficult to do. Beforehand, it is unclear which criteria should be applied to
eliminate non-relevant alternatives from a set of possible alternatives. At the level of
individuals the choice for any criterion would be arbitrary. This is important since the
composition of the choice set influences the parameter estimates. Choices for generating
subjective choice sets might thus directly affect parameter estimates. A possible option to deal
with this problem might be to model a two-stage process, that is a model to determine
whether an alternative is relevant or not, and a model to determine the actual choice from the
relevant alternatives (see e.g. Manski (1977), Cascetta and Papola (2001), Swait (2001a,b)).
However, it is questionable to which extent these methods are capable of dealing with choice

sets sizes as might be expected for route choice problems.

Apart from this theoretical discussion the use of objective or subjective choice sets has
another effect that should be considered. As mentioned earlier, objective choice sets are likely
to be large and to have a large variety in attributes and attribute values, while subjective
choice sets tend to be small, thus having less variation. Due to this larger variation, choice
models based on objective choice sets can be more elaborate in number of attributes and in
model structure, while the parameter estimates will be more significant. Higher quality
models suggest a better description of travel behaviour. From this perspective, the use
objective choice sets should be preferred. A practical problem might be that objective choice
sets are too large for estimation software. In that case it is possible to use a representative
sample of alternatives (Ben-Akiva and Lerman (1985), Train (2002)), e.g. a maximum of 50

alternatives per respondent.



Obviously there is a dilemma. On the one hand it can be argued that given the variety of
decision rules travellers may apply to limit their choice set, subjective choice sets are most
appropriate for estimating choice models. On the other hand, objective choice sets are likely
to yield higher quality choice models, with respect to model structure and parameter

estimates. Key point is which approach is more likely to reflect actual travel behaviour.
3.2 Predicting probabilities

Estimated choice models are used for predicting probabilities of alternatives, for instance for
forecasts. In that case no subjective choice sets are available. Generation of subjective choice
sets suffer from the same problem as mentioned in the previous section: it is unclear which
criteria should be used to determine the relevant alternatives. Using objective choice sets
might offer computational problems, so usually approximations of objective choice sets are
used. Such a choice set should have sufficient variety and include alternatives that are relevant
for the purpose of the study (see Fiorenzo-Catalano (2006) for a discussion of criteria for

choice sets).

A second reason for applying objective choice sets for prediction purposes is that this type of
application usually considers trips between zones, while estimation generally focuses on
individual trips. As a result, choice sets used for prediction should be much larger to account
for the differences in spatial and individual characteristics. Objective choice sets are more

suited for this.

If objective choice sets, or approximations of them, are used for prediction it would be best to
use choice models that are based on objective choice sets as well. In that way the consistency

between estimation and prediction is guaranteed.
3.3 Consequences

The discussion on the relationship between choice set type and modelling purpose showed
that from a theoretical perspective subjective choice sets should be preferred for estimation
purposes, while objective choice sets are to be preferred for prediction purposes. On the other
hand, however, it appears that objective choice sets have the benefit that they allow more
advanced modelling and might yield higher quality parameters. This obvious dilemma on
choice set usage for estimation and prediction purposes thus yields four possible scenarios as

can be seen in Table 1.



In the following sections these scenarios will be explored for an actual database on multi-
modal inter-urban train trips. Choice models will be estimated using objective and subjective
choice sets. The resulting choice models will then be analysed on their performance with both
objective and subjective choice sets. The goal of the analysis is to determine whether it should
be recommended to use objective choice sets for estimation as well as for prediction purposes.
First, however, the dataset itself will be described.

Table 1 Possible scenarios of using choice sets for estimating choice models and their
application for prediction

Choice models following from estimation using

Subjective choice sets Objective choice sets
S o Subjective  This case appears to be sensible.  The first question is the
£ 7 choice sets  Key point is how to determine availability of the subjective
° = S . . . .
= the subjective choice set. choice set. The second issue is
E whether the probability of the
non chosen alternatives will be
underestimated.
Objective In this case the point is whether ~ This appears to be a sensible
choice sets  the non-chosen alternatives will ~ combination.
be overestimated.
4 Dataset

For the analyses multi-modal travel data are used from a survey conducted among train
travellers in an urbanized corridor in The Netherlands, including the cities Dordrecht,
Rotterdam, The Hague, and Leiden (Hoogendoorn-Lanser (2005)). The survey focused on the
multi-modal trip itself (which modes were used, what were the transfer nodes, what were the
boarding and alighting nodes) and on train-based trip alternatives known by the traveller, i.e.
the observed subjective choice set. The survey data was extended with detailed data on all trip
components, such as in-vehicle times per mode and costs, as well as with similar data for all
other reasonable non-reported alternatives for the same trip (generated objective choice set).
These reasonable alternatives were generated using a rule-based approach and a diachronic-
graph representation of the multi-modal transport system (Hoogendoorn-Lanser et al.

(2006a)).



The considered sample contains 708 home-based trips. All trips correspond to different
respondents and different OD-pairs. Travellers’ home and activity addresses are located

throughout the research area.

From these respondents a sample of 189 respondents reported alternatives other than the
chosen alternative. The size of these subjective choice sets ranged between 2 and 7
alternatives, having an average size of 2.8. Analysis of the composition of the subjective
choice sets showed that most alternatives only differ in a single leg from the chosen
alternative, especially the home-end leg (between home-address and boarding railway station)
and secondly for the activity-end leg (alighting railway station and activity-address) (see
Hoogendoorn-Lanser and Van Nes (2004)). The train part appears to be quite constant within

each subjective choice set.

The objective choice sets are significantly larger. The average size is 48 alternatives (median
is 39). For one respondent a choice set size of 278 alternatives was found. The alternatives in
the choice set differ for all components of the multi-modal train trip. For computational
reasons the choice sets used in the analysis were limited to a random sample of 50 alternatives

at most.
5 Estimation
5.1 Modelling approach

For both choice set types, generated objective choice set and observed subjective choice set,

random utility models are estimated. The following cases are considered:

e Objective choice sets (maximum of 50 alternatives): all respondent (N=708, Model L-O)
and the subset of respondents reporting subjective choice sets (N=189, Model S-O)

e Subjective choice sets: only respondents reporting subjective choice sets (N=189, Model

S-S)

Since both cases differ with respect to number of respondents and number of alternatives,
additional analyses are performed to determine how these differences affect the estimation

results.

Route overlap is an important aspect that should be accounted for when estimating choice
models. Estimation results for objective choice sets showed that accounting for overlap by

inclusion of a path size-variable or by the application of a generalised nested logit model



yields better models than the MNL-model (Hoogendoorn-Lanser (2005), Hoogendoorn-
Lanser et al. (2005)). However, parameters estimates were not significantly influenced by the
introduction of a path-size-variable. Second, the path-size parameter appeared to be only
significant in the case of 708 respondents considering objective choice sets (Model L-O).
Finally, in the case of subjective choice sets (Model S-S), many choice sets consist of two
alternatives, making the inclusion of a path-size-variable meaningless. Thus, for an honest

comparison only MNL-results are presented.
5.2 Using objective choice sets

The best MNL-model established for the case of 708 respondents using objective choice sets
of 50 alternatives at maximum makes a distinction between home-end part, train part, and
activity-end part of trips. In this way the difference in availability of modes and in knowledge
of the transport system between home-ends and activity-ends can explicitly be accounted for
(see Hoogendoorn-Lanser et al (2006b)). The best MNL-model consists of 25 parameters
describing mode-specific constants for home-end and activity-end, and parameters for in-
vehicle times by mode, train types, railway station types, costs for UPT and parking, UPT
headway, walking time to UPT-stops, and number of high- and low-frequency legs. All
parameter estimates appeared to be highly significant (see Appendix A)

Since subjective choice sets are only available for 189 respondents, a second choice model
using objective choice sets is estimated for this smaller dataset (Model S-O). The choice
model is slightly simplified and consists of 20 parameters (see Appendix A). In both choice
models, the parameters have been scaled using the train in-vehicle time, which allows for a
direct comparison of the results. Figure 2 shows that the parameters of the second choice
model are in line with those of the first: the R is 0.93 (parameters that are unique for Model
L-O are excluded from the comparison). In general the parameter estimates for the smaller
dataset are 9% higher. The higher parameters estimates might suggest that the 189
respondents might have a larger variety in their choice sets than average. No clear outliers can
be distinguished. The number of respondents thus appears to have a limited impact on

estimation results.
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Figure 2 Relationships between scaled parameters for choice models estimated on objective
choice sets for all respondents (N=708) and for respondents reporting subjective choice sets
(N=189) (Model L-O and Model S-O respectively)

5.3 Using subjective choice sets

The choice model derived with objective choice sets could not be estimated using subjective
choice sets. Due to the smaller number of respondents and the differences in choice sets (size
and composition), the best model that could be estimated contained only 12 parameters, while
not all parameters are significant at 95% confidence level (see Appendix A) (Model S-S). No
parameter estimates for train stations could be established, which is due to the limited
variation in boarding and alighting stations in the subjective choice sets. Furthermore, there

appears to be less difference between home-end and activity-end parts of trips.

Figure 3 presents a graphical comparison, which shows that parameter estimates using
subjective choice sets are generally 50% smaller than found for the objective choice set. The
R? is still reasonable: 0.81. If the two largest outliers are excluded (parameter estimates for the
number of legs) the correlation between the parameter estimates is more than 0.95. This
implies that that there is a systematic difference in the size of the parameter estimates between
both choice models. It is thus expected that the resulting choice models is less distinctive with

respect to route choice probabilities in the case of prediction.
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Figure 3 Relationships between scaled parameters for choice models estimated on objective
choice sets (N=708, Model L-O) and on subjective choice sets (N=189, Model S-S)

5.4 Impact of number of respondents and choice set size

Given the differences in number of respondents and in choice set size, two additional analyses

have been performed:
e Impact of a smaller number of respondents;
e Impact of choice set characteristics (size and composition).

The first analysis focuses on the number of respondents. The question then is whether the
respondents reporting subjective alternatives are a representative sample of the full set of 708
respondents. To this end 50 random samples of 189 respondents have been drawn from the
population of 708 respondents. For each sample the parameter estimates of choice model S-O
are estimated. Subsequently average values and standard deviations are derived. Comparison
shows that all parameter estimates of Model S-O (189 respondents considering objective
choice sets) are within the 95% confidence interval. The correlation between the parameter
estimates is 0.96 (see Figure 4). The parameter estimates of Model S-O, however, are on
average 18% smaller. Since the estimates of Model S-O were generally higher than those of
Model L-O, the 18% difference suggests that the differences between Model L-O and Model

S-O are not due to specific characteristics of the choice sets of respondents reporting
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subjective alternatives. To conclude, these findings indicate that the respondents reporting

subjective alternatives are a representative sample of all respondents.
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Figure 4 Relationships between scaled parameters for utility function estimated on objective
choice sets for samples of 189 respondent and for respondents reporting subjective choice

sets (N=189) (Model S-0)
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Figure 5 Relationships between scaled parameters for utility function for respondents
reporting subjective choice sets estimated on small samples of objective choice sets and on
subjective choice sets (N=189)

The second analysis focuses on the number of alternatives in the choice set. For the 189

respondents reporting subjective alternatives 50 samples of small choice sets have been drawn
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from the objective choice sets. Again, for each set of samples the parameters of Model S-S
(subjective choice set) have been estimated, yielding the mean and standard deviation of each
parameter. In this case the differences are larger. For the number of legs the parameter
estimate in Model S-S is significantly different, while for four other parameters the t-values

are larger than 1.28.

The differences in parameter estimates can also be seen in Figure 5. The R? is 0.77, while the
parameter estimates of Model S-S are 9% higher. However, it should be noted that if the
number of legs is omitted, the results improve significantly: R* becomes 0.93. This analysis
shows that the subjective choice set appears to be a specific sample of all possible
alternatives. Apparently, the subjective choice set is biased with respect to the number of legs
within a multi-modal trip. As a result, the corresponding choice model is less sensitive for the
number of legs. Subjective choice sets appear to have a majority of alternatives having the
same number of legs as the chosen alternative, while alternatives objective choice sets show a

larger variation in the number of legs.
6 Performance

The performance of the three estimated choice models for prediction is analysed by applying

these to the three following datasets:

e 708 respondents, generated objective choice sets;
e 189 respondents, generated objective choice sets;
e 189 respondents, observed subjective choice sets.

Results are compared with respect to the log-likelihood and the prediction rate, that is the
percentage of cases (respondents) for which the chosen alternative has the highest probability.
Given the size of the parameter estimates of the three choice models, it can be expected that
Model S-O performs best, while Model S-S is likely to yield the poorest results: larger

parameters lead to a clearer distinction between alternatives.

The results for the log-likelihood are shown in Table 2. Obviously the score is best if the
model is applied to the dataset it was estimated with. These results are indicated in bold. The
differences between the performances of Model L-O and Model S-O are small. Apparently,
the number of respondents does affect the level of detail of the choice model, but the main

characteristics are already captured when the small dataset of 189 respondents is used.
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Furthermore, it is clear that Model S-S, which is based on subjective datasets, has the poorest
performance: the log-likelihood increases with 13%. This confirms the notion that the model
based on the subjective choice sets is less distinctive: the probability of the chosen alternative
is lower, while those of unattractive alternatives are relatively higher. Applying Models L-O

and S-O on the subjective choice sets leads to an increase of the log-likelihood of 8%.

Table 2 Comparison of log-likelihood values for combinations of datasets and choice models

Dataset Model L-O Model S-O Model S-S
708 respondents, objective choice set -1616.4 -1665.1 -1833.3
189 respondents, objective choice set -462.7 -456.0 -515.9
189 respondents, subjective choice set -158.6 -158.4 -146.5

Relative difference per dataset

708 respondents, objective choice set - 103% 113%
189 respondents, objective choice set 101% ; 113%
189 respondents, subjective choice set 108% 108% -

In the case of prediction rates it is relevant to account for the choice set sizes. The generated
objective choice sets are much larger than the observed subjective choice sets. Therefore
Table 3 also includes the theoretical prediction rate in the equal probability case. The first
finding to be noticed is that the differences in prediction rates are small. Apparently all
models capture the main components of choice behaviour. In the case of the large dataset
Model S-S, estimated on subjective choice sets, again has the poorest performance: the
prediction rate drops 2.1%. The results for the second dataset, however, show that this result
is not generally true for all datasets considering generated objective choice sets. Reversely,
applying Model L-O, based on generated objective choice sets, on subjective choice sets leads
to a reduction of the prediction rate of 1.1%. The prediction rates further show that Model S-
O has a more robust performance than Model L-O. It even yields better prediction rates for

the two other datasets!

Both comparisons suggest that Model S-S estimated using subjective choice sets, has a poorer

performance in case of prediction, although the differences are limited.
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Table 3 Comparison of prediction rates for combinations of datasets and choice models (%)

Dataset Model L-O Model S-O  Model S-S Equal
probability

708 respondents, objective choice set 29.0 29.5 26.8 2.6

189 respondents, objective choice set 22.8 24.9 24.9 2.6

189 respondents, subjective choice set ST.7 59.3 58.7 36.0

Differences per dataset

708 respondents, objective choice set 0.0 0.6 -2.1

189 respondents, objective choice set -2.1 0.0 0.0

189 respondents, subjective choice set -1.1 0.5 0.0

7  Discussion and conclusions

This paper presented an analysis of the relationships between choice set type and analysis
purpose, in particular estimation and prediction. A distinction is made between (generated)
objective choice sets which include all relevant and feasible alternatives or a representative
subset, and (observed) subjective choice sets encompassing of alternatives considered by the
traveller. Objective choice sets tend to be large, while subjective choice sets are generally

small.

For estimation purposes it might be argued that subjective choice sets should be used to study
choice behaviour because they are individual specific. Using objective choice sets confounds
the choice model with the decision whether an alternative is actually considered or not.
Objective choice sets on the other hand, might have the benefit that they have a larger variety
in attributes and attribute values, thus allowing more detailed and advanced choice modelling.
For prediction purposes an aggregate level of detail is used, while clear rules for generating

subjective choice sets are lacking, which implies that only objective choice sets can be used.

Empirical analysis of choice sets for multi-modal inter-urban train trips in The Netherlands,
confirms the theoretical analysis with respect to choice set characteristics. It was especially

found that subjective choice sets have a limited variety with respect to the chosen alternative.

Using objective choice sets leads to more detailed choice functions and higher parameter

estimates. This is true, even in the case that a small set of respondents is analysed. Subjective
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choice set usage leads to simpler models and smaller parameter estimates. Main difference is
the valuation of the number of legs. Apparently, choice models based on objective choice sets
incorporate the decision whether an alternative having many legs (i.e. many transfers) is
relevant for the traveller by high parameter estimates for the number of legs. In the case of
subjective choice sets, such alternatives are already eliminated by the traveller, allowing for

smaller parameter estimates.

Analysis of the performance of choice models based on objective or subjective choice sets
showed that the latter yield poor results when applied to objective choice sets. Since this is
usually the case where prediction is concerned, it is recommended that choice models should
be estimated on objective choice sets, that is, if it is intended to use the choice models for
prediction purposes as well. Since subjective choice sets are difficult to establish, this finding
also yields the additional benefit, that it makes it easier for researchers to construct

appropriate choice sets for travel behaviour analysis.
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Appendix A: Parameter estimates

Model L-O Model S-O Model S-S
Number of respondents 708 189 189
Choice set type Objective Objective Subjective
(max 50) (max 50)

p (scaled)  t-value  p(scaled) t-value p(scaled) t-value
Car home-end constant (sum = 1) -24.87 -4.67 -18.79 -2.22 -9.90 -1.42°
Bus home-end constant (sum = 1) -33.53 -12.73 -40.27 -7.77
Tram home-end constant (sum = 1) -25.82 -9.91 -27.45 -5.17
Metro home-end constant (sum = 1) -17.17 -5.32 -23.29 -3.39
Bus activity-end constant (sum = 1) -38.44 -14.74 -46.14 -8.68
Tram activity-end constant (sum = 1) -31.18 -12.39 -34.26 -6.91
Metro activity-end constant (sum = 1) -23.97 -8.61 -27.37 -5.08
Bike constant (h-act) -16.99 -7.08 -16.66 -3.77 -10.88 -2.51

Bus constant (h-act) -20.99 -4.31
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Model L-O Model S-O Model S-S
Number of respondents 708 189 189
Choice set type Objective Objective Subjective
(max 50) (max 50)

p (scaled)  t-value  p(scaled) t-value p(scaled) t-value
Tram constant (h-act) -16.76 -3.43
Metro constant (h-act) -11.05 -2.06
Express train constant -5.64 -4.69 -4.73 -2.07
Local train constant -7.02 -3.96 -12.91 -3.45
Local home-end station constant -7.71 -3.95
Express activity-end station constant -7.26 -2.46 -9.47 -1.57
Local activity-end station constant -11.66 -5.66
Local station constant -14.26 -2.37
Access/egress walk time to station -2.38 -17.00 -2.29 -8.36 -1.35 -4.55
Access/egress bike time to station -2.61 -11.77 -2.50 -6.62 -0.88 -3.13
Access/egress car time to station -4.26 -6.14 -4.49 -4.07 -1.55 -2.05
Bus in-vehicle time -0.40 -2.51
Tram in-vehicle time -0.84 -4.61 -0.80 -2.52
Train in-vehicle time -1.00 -6.74 -1.00 -3.25 -1.00 -3.61
Number of low-frequency legs (<8) -24.70 -15.77 -22.65 -7.74
Number of high-frequency legs (>=8) -20.55 -11.57 -15.31 -4.95
incl. walk
Number of legs -3.93 -1.317
Total headway -0.13 -1.79!
Walk time to home-end/activity-end -2.21 -8.27 -2.82 -5.08 -0.95 -1.80"
UPT stops
Parking costs -2.55 -1.95
UPT costs -3.72 -4.72 -4.00 -2.57
Null loglikehood -2382.25 -651.78 -177.32
Final loglikehood -1616.39 -455.99 -146.50
Likelihood ratio test 1531.71 391.58 61.64
Adjusted rho-squared 0.31 0.27 0.11
Free parameters 25 20 12

Parameters scaled to units of train in-vehicle time

1'1.65 < t-value < 1.96

2 t-value < 1.65



